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A Postmortem Computational Atlas of the Human Hippocampus
Abstract
The primary contribution of this dissertation is a computational atlas of the human hippocampus from
high-resolution, postmortem magnetic resonance imaging (MRI) and densely-acquired histology. The
atlas describes how the locations of subregion boundaries, derived from microscopic features extracted
from histology, vary relative to structures and boundaries that can be seen in MRI. This work represents a
major step towards understanding the hippocampal region's anatomical variability by capturing anatomy
of the region from the macroscopic to the microscopic level.
The atlas reference space is generated from 0.2 mm isotropic resolution 9.4 telsa MRI of 26 wholehippocampal specimens. A new groupwise diffeomorphic registration framework is developed that
combines shape- and intensity-based volumetric registration of the MRI. Shape correspondences are
imposed using a novel three-dimensional (3D), smooth spherical parameterization of the hippocampus.
The parameterization is based on segmentations of both the whole hippocampus boundary and of the
internal layers of the stratum radiatum and stratum lacunosum-moleculare (SRLM), and it characterizes
hippocampal shape in a geometrically and anatomically intuitive manner.
The hippocampal subregions in the atlas are derived from manual segmentation of the histological
sections of eight atlas specimens acquired with 0.2 mm spacing, 5 or 7 micrometer slice thickness, and
stained using the Kluver-Barrera method. The atlas MRI template serves as the anatomical reference
space for histological reconstruction and for visualization of the subregion labels. The histology is
reconstructed manually using an interactive software tool that enables intuitive navigation and multi-scale
viewing of histology and volumetric MRI together in 3D. The software's multi-scale viewing capability
permits fine-scaled alignment of specific regions of interest between slides and MRI. The feasibility of
reconstructing maps of cytoarchitectonic features from the histology of one subject into the atlas space
is also demonstrated. This is the first time that such a large collection of histology of the whole
hippocampus has been acquired, labeled, reconstructed, and mapped into a common analysis space.
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To the advancement of biomedical science, with the sincere hope that this work will lead us
a small step closer to understanding the hippocampus and to alleviating suffering from
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ABSTRACT
A POSTMORTEM COMPUTATIONAL ATLAS OF THE HUMAN HIPPOCAMPUS
Daniel Henrik Adler
Paul A. Yushkevich, Ph.D.
The primary contribution of this dissertation is a computational atlas of the human hippocampus from high-resolution, postmortem magnetic resonance imaging (MRI) and denselyacquired histology. The atlas describes how the locations of subregion boundaries, derived
from microscopic features extracted from histology, vary relative to structures and boundaries that can be seen in MRI. This work represents a major step towards understanding
the hippocampal region’s anatomical variability by capturing anatomy of the region from
the macroscopic to the microscopic level.
The atlas reference space is generated from 0.2 mm isotropic resolution 9.4 telsa MRI of
26 whole-hippocampal specimens. A new groupwise diffeomorphic registration framework
is developed that combines shape- and intensity-based volumetric registration of the MRI.
Shape correspondences are imposed using a novel three-dimensional (3D), smooth spherical
parameterization of the hippocampus. The parameterization is based on segmentations of
both the whole hippocampus boundary and of the internal layers of the stratum radiatum
and stratum lacunosum-moleculare (SRLM), and it characterizes hippocampal shape in a
geometrically and anatomically intuitive manner.
The hippocampal subregions in the atlas are derived from manual segmentation of the
histological sections of eight atlas specimens acquired with 0.2 mm spacing, 5 or 7 µm slice
thickness, and stained using the Klüver-Barrera method. The atlas MRI template serves
as the anatomical reference space for histological reconstruction and for visualization of the
subregion labels. The histology is reconstructed manually using an interactive software tool
that enables intuitive navigation and multi-scale viewing of histology and volumetric MRI
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together in 3D. The software’s multi-scale viewing capability permits fine-scaled alignment
of specific regions of interest between slides and MRI. The feasibility of reconstructing
maps of cytoarchitectonic features from the histology of one subject into the atlas space
is also demonstrated. This is the first time that such a large collection of histology of the
whole hippocampus has been acquired, labeled, reconstructed, and mapped into a common
analysis space.
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CHAPTER 1

Introduction

The human hippocampal formation (HF) is a complex and inhomogeneous anatomical region of the medial temporal lobe that is essential in the declarative memory system, which
encompasses stored events and personal experiences (episodic memory) and explicit facts
and concepts (semantic memory) (Amaral and Lavenex, 2007; Duvernoy, 2005; Squire et al.,
2004; Zola-Morgan and Squire, 1993). Amaral and Lavenex (2007) define the HF as a
“functional brain system” with characteristic unidirectional connectivity, and formed by
the hippocampus proper (which is further divided into the cornu Ammonis subfields CA1,
CA2, and CA3), the dentate gyrus (DG), the subiculum, the presubiculum, the parasubiculum, and the entorhinal cortex (ERC). The structures and subfields forming the HF are
known to be differentially and selectively affected by multiple diseases and disorders, as
well as by the normal processes of aging (Braak and Braak, 1991; Mueller and Weiner,
2009; Small et al., 2011; West et al., 1994). In addition, they are thought to serve specialized functions in the memory system, including pattern separation and completion by
DG and CA3 (Bakker et al., 2008; Leutgeb et al., 2007; Yassa et al., 2010) and novelty
detection and allocentric encoding by CA1 (Lisman and Otmakhova, 2001; Suthana et al.,
2009). Additionally, hippocampal function is believed to be partially specialized along its
longitudinal axis (Fanselow and Dong, 2010; Poppenk and Moscovitch, 2011; Small et al.,
2001; Strange et al., 1999) and between hemispheres of the brain (Milner et al., 1997; Nunn
et al., 1999; Rosazza et al., 2009).
The HF is frequently targeted in magnetic resonance imaging (MRI) studies due to its
important roles in memory formation and retrieval, its hypothesized involvement in other
1

areas, such as spatial memory and navigation (Bird and Burgess, 2008; Burgess et al.,
2002), and its implication in many diseases and disorders. Neurological and psychiatric
conditions known to affect the HF include Alzheimer’s disease (AD), temporal lobe epilepsy
(TLE), vascular disease, schizophrenia, and post-traumatic stress disorder, with reduced
hippocampal volume well documented in studies of the majority of these conditions (Barnes
et al., 2009; Geuze et al., 2004; Small et al., 2011). The effects of these conditions on the
HF are different and non-uniform. For instance, AD pathology exhibits well-characterized
topological selectivity, with ERC and the CA1 subfield affected earliest in the course of
the disease (Bobinski et al., 1998; Braak and Braak, 1991; Braak et al., 2006; GómezIsla et al., 1996; Price et al., 2001). It has therefore been hypothesized that more focal
measurements of volume changes in the HF subregions may lead to imaging biomarkers
with improved biological relevance and diagnostic and prognostic accuracy over wholehippocampal measures (Jack et al., 2011; Mueller and Weiner, 2009; Pluta et al., 2012).

1.1. Motivation
Recently, there has been a growing effort to analyze the morphometry of the hippocampal
subfields using both in vivo and postmortem MRI. However, given that boundaries between
subregions of the hippocampal formation are conventionally defined on the basis of microscopic features that often lack discernible signature in MRI, subfield delineation in MRI
literature has largely relied on heuristic geometric rules, the validity of which with respect
to the underlying anatomy is largely unknown. The development and evaluation of such
rules is challenged by the limited availability of data linking MRI appearance to microscopic
hippocampal anatomy, particularly in three dimensions (3D). Given the growing interest in
measuring subfield-specific effects of disease and normal aging on the hippocampus, there
is a critical need for a reference atlas that relates its MRI appearance to cytoarchitectonic
features extracted from histological imaging.
2

The primary contribution of this dissertation is a comprehensive postmortem atlas of the
region that we believe will fulfill this need and thus enable further investigations into the
links between morphological changes in vivo with cell and pathology distributions found
ex vivo. Postmortem MRI, coupled with histology stained for anatomical and pathological
features, promise great potential towards quantitative and qualitative understanding of
hippocampus microstructure in 3D. A long term objective of this work is the understanding
of morphological changes of the hippocampus due to aging and neurodegenerative disease,
as measured on in vivo data, in relation to cytoarchitectural features extracted from the ex
vivo domain.

1.2. Claims
The following are the key claims and contributions made by this dissertation in the fields
of hippocampal histological reconstruction, hippocampal subfield segmentation, interactive
image registration, groupwise registration, and cytoarchitectonic mapping:
Claim 1: Application: The first three-dimensional reconstruction of densely acquired
histological sections of the hippocampus.
I implement and evaluate a histology reconstruction procedure consisting of sequential
application of a graph-theoretic slice stacking algorithm that mitigates the effects of
distorted slices, followed by iterative affine and diffeomorphic co-registration to postmortem MRI of the hippocampus.
Claim 2: Application: Parcellation of the hippocampal subfields in postmortem MRI
using reconstructed histology.
I demonstrate the feasibility of labeling hippocampal subfields in a high-resolution
volumetric MRI dataset based directly on microscopic features extracted from histology.
The subfield boundaries from a stack of histology images (obtained with 200 µm spacing
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and 5 µm slice thickness; stained using the Klüver-Barrera method) are transferred
onto a postmortem 9.4 tesla (T) MRI scan of the intact, whole hippocampal formation
acquired with 160 µm isotropic resolution.
Claim 3: New method: An interactive tool to facilitate initialization of 3D histology
reconstruction and segmentation of hippocampal subfields.
I develop an interactive software tool that seamlessly integrates histology reconstruction, co-registration with 3D reference MRI, and manual histology segmentation. The
software permits real-time interaction with large datasets during the 2D and 3D coregistration steps of histology reconstruction. It features intuitive slice transformation,
navigation, and vector-based segmentation, as well as image processing and registration
functionality that are accelerated by the graphics processing unit (GPU).
Claim 4: New method: New method for groupwise image registration that is tailored
to postmortem MRI of the hippocampus.
I develop a new groupwise registration method based on 3D spherical parameterization
of the hippocampal anatomy in order to construct the atlas from our detailed postmortem MRI dataset. The method integrates surface correspondence, derived from
matching of the stratum radiatum and lacunosum moleculare (SRLM) and the external hippocampal boundary, into a diffeomorphic groupwise registration framework.
Claim 5: Application: Generation of a computational, postmortem atlas of the human
hippocampus from postmortem MRI and densely acquired histology that represents the
probabilistic distribution of the hippocampal subfields.
I generate an atlas of the human hippocampus from a set of high-resolution MRI of
26 postmortem tissue samples, obtained from 16 individuals. Densely acquired histological sections from eight of the samples are reconstructed into the 3D atlas space.
The stained tissue sections serve as the primary source for delineating regions in the
atlas. The atlas incorporates a large number of specimens so as to capture anatomical
variability, and it employs image normalization methods that are tailored specifically
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to the developmental anatomy of the hippocampus.
Claim 6: New method: A novel approach to mapping cytoarchitectonic features in
3D.
Spatial maps of cytoarchitectural information, including cell morphology and distribution, are derived from segmentation of neuronal cell bodies in the full-resolution
histology of one subject. These maps are then reconstructed in 3D and transformed
into the postmortem atlas space.

1.3. Overview of the Chapters
The dissertation is organized into three main chapters and appendices of supplementary
material:
Chapter 2: Histology-derived volumetric annotation of the human hippocampal subfields
in postmortem MRI. This chapter presents an intermediate step towards a long-term vision
of building a postmortem MRI and histology atlas of the HF. It demonstrates the feasibility
of mapping HF subfield boundaries from a stack of histological slices acquired densely along
the full anterior-posterior extent of the HF onto a volumetric postmortem MRI scan of the
intact, whole HF. The result of this mapping is a parcellation of the MRI volume that is
based on actual cytoarchitectonic boundaries, rather than boundaries inferred from heuristic
rules. To our knowledge, this is the first time that a full 3D parcellation of HF subfields in an
MRI scan has been done using histologically-derived boundaries. The mapping methodology
presented complements our research group’s earlier work (Yushkevich et al., 2009) that
combined postmortem MRI scans from multiple tissue samples into a probabilistic atlas,
but did not use histology. The work in this chapter has been published in the journal
NeuroImage (Adler et al., 2014).
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Chapter 3: A probabilistic atlas of the human hippocampus from postmortem MRI and
3D reconstructed histology. Forming the core of this dissertation, this chapter presents a
computational atlas of the human hippocampus that describes the probabilistic distribution
of the cytoarchitectonically-defined subfields. A large collection of specimens is imaged in
order to capture variability in region’s anatomy. Methodology is developed for (i) normalizing all images using combined surface-based and volumetric groupwise registration, as well
as for (ii) reconstructing all histology into the space of the atlas. The work in this chapter
will be submitted for publication in 2016.
Chapter 4: Reconstruction of neuronal cytoarchitectural maps of the human hippocampus
into a postmortem atlas space. This chapter presents the 3D reconstruction of maps of
cellular architecture into the postmortem atlas space. Neuronal cell bodies are segmented
in every full-resolution histology slide of both hippocampi of a single atlas subject, then
statistical maps of cytoarchitectural features are generated from the cell segmentation,
including measures of cell morphology (e.g. area, eccentricity, perimeter-to-area ratio) and
distribution (e.g. density, count, and orientation). The statistical maps are stacked and
reconstructed into 3D volumetric images along with the corresponding histology slides, then
transformed into the postmortem atlas space using the the subject-to-atlas correspondences
derived from groupwise registration.
Appendix A: “HistoloZee” — Software for interactive three-dimensional histology reconstruction. This chapter presents software designed for multi-scale visualization and interactive 3D reconstruction of stacks of very large (gigapixel) histology slides. The software is
used in the reconstruction and segmentation of our histological datasets. It features tools
for manual and automated affine slide-to-slide and slide-to-volume co-registration, vector
graphics-based manual segmentation, and the ability to export reconstructions of slides and
segmentations as 3D medical images. Slides can be rendered at multiple scales orthogonal
to or along the stacking direction using transparency and edge overlays. Image transformations and similarity metrics used for co-registration are computed in real-time by leveraging
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the graphics processing unit (GPU) for acceleration. The software is being used to facilitate
histological reconstruction studies by investigators at multiple institutions.

7

CHAPTER 2

Histology-derived volumetric annotation of the human
hippocampal subfields in postmortem MRI

Daniel H. Adler a, b , John B. Pluta b, c , Salmon Kadivar b , Caryne Craige b ,
James C. Gee b , Brian B. Avants b , Paul A. Yushkevich b 1
a

Department of Bioengineering

b

Penn Image Computing and Science Laboratory, Department of Radiology

c

Center for Functional Neuroimaging, Department of Neurology

University of Pennsylvania

2.1. Introduction
Recent years have evidenced increasing interest in obtaining accurate measurements of
subfield-level changes from in vivo magnetic resonance imaging (MRI). Table 1 lists in
vivo imaging studies that make inferences about hippocampal subregions by labeling them
in high-resolution MRI. In each study, hippocampal subregions were manually delineated
either directly in all of the subjects’ images, or on a core atlas dataset, which was then
used to automatically propagate the segmentation to the subjects’ images (Hanseeuw et al.,
2011; Van Leemput et al., 2009). Given the limitations of the MRI resolution, manual
1
We acknowledge the National Human Tissue Resource Center of the National Disease Research Interchange (Philadelphia, PA) for providing the tissue samples for this research. We are grateful to Prof. John
Q. Trojanowski, M.D., Ph.D., Prof. Murray Grossman, M.D., Ed.D., and Prof. David A. Wolk, M.D. for
their support of this work and their invaluable research input.
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segmentation is forced to rely on macroscopic features. Manual segmentation protocols are
typically sets of heuristic rules that declare where to draw boundaries between subfields on
the basis of anatomical landmarks, intensity changes, and geometric features. A great deal
of variability exists among the proposed rules of hippocampal formation2 (HF) subregion
parcellation in MRI, as evident from the differences in the nomenclature summarized in
Table 1 and by select examples of published parcellation results shown in Figure 1.

Figure 1: Examples of MRI segmentation protocols of subfields in the hippocampal body:
(A) Van Leemput et al. (2009), (B) Mueller and Weiner (2009), (C) Yushkevich et al.
(2010), (D) La Joie et al. (2010), (E) Bonnici et al. (2012), (F) Wisse et al. (2012).

2

In this chapter, we use the term hippocampal formation to refer to what is also called the hippocampus
in subsequent chapters.
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1.0 × 1.0 × 1.0

6.4
20
16
5.5
3.4
13.5
N.A.
N.A.

7.6
N.A.
12.0
N.A.

8.2

N.A.
N.A.
36.7

Duration
(min)
11.0

d

CA1, CA2, CA3/4/DG, SUB, ERC e
CA1, CA2, CA3, DG, SUB, ERC, PHG
CA1/2/3, DG, SUB
CA1/2/3, CA4/DG e
CA1, CA2, CA3, CA4/DG, SUB, ERC

CA1, CA2/3/4/DG, SUB
CA1/2, CA3/4/DG, SUB e
CA1, CA3, DG, SUB
CA1, CA2/3/DG f , SUB,
ERC, PRC
Same as Zeineh et al. (2000)
CA1, CA2/3, CA4/DG, SUB, SRLM

CA1, CA2, CA3, CA4 a ,
DG, SUB, alveus/fimbria b
CA1, CA2, CA3, SUB b,c
CA1, CA3/DG, SUB
CA1, CA2/3, CA4/DG,
SUB, pre-SUB, fimbria
Same as Van Leemput et al. (2009)

Segmentation labels in HF

Table 1: In vivo, high-resolution MRI studies of the hippocampal subfields.

T2,
T1,
T2,
T2,
T2,
T2,
T2,
T2,

PD
PD, FSE
T2, FSE
T2, FSE

T1, GRE

T1, SGE
T1, MPRAGE
T1, MPRAGE

T1, MPRAGE

Sequence

The dentate hilus (polymorphic layer of dentate gyrus, DG) is referred to as CA4 by some authors (Duvernoy, 2005); b Analysis performed on HF surface
only (i.e. no subfield volumetry performed); c Subfields labeled on HF surface mesh only; d Segmented using automatic method of Van Leemput et al.
(2009); e Segmentation not done in hippocampal head; f Combined cornu Ammonis/dentate gyrus (CA/DG) label used in most anterior and posterior
sections; g Segmentation done only in hippocampal body.
(MPRAGE: magnetization prepared rapid gradient echo; SGE: spoiled gradient echo; GRE: gradient echo; FSE: fast/turbo spin echo; FSGRE: fast spoiled
GRE; SRLM: stratum radiatum and stratum lacunosum-moleculare; PHG: parahippocampal gyrus)

a

4
4
4.7
7
7

3
3
3
3

La Joie et al. (2010)
Shing et al. (2011)
Bonnici et al. (2012)
Zeineh et al. (2000)

Mueller et al. (2007)
Yushkevich et al. (2010)
Malykhin et al. (2010)
Henry et al. (2011)
Wisse et al. (2012)

3

Hanseeuw et al. (2011)

3
3

1.5
3
3

Apostolova et al. (2006)
Kirwan et al. (2007)
Van Leemput et al. (2009)

Ekstrom et al. (2009)
Winterburn et al. (2013)

1.5

Field (T)

Wang et al. (2003)

Study

g

In the body of work exemplified by Figure 1 and Table 1 there exists a large amount
of variability in hippocampal segmentation protocols in MRI. For instance, protocols and
analysis methods often combine multiple subfields under one label or forego labeling certain
subfields entirely (Henry et al., 2011; La Joie et al., 2010; Malykhin et al., 2010; Shing et al.,
2011; Zeineh et al., 2000), or do so only in select regions of the HF (Henry et al., 2011;
Mueller et al., 2007; Yushkevich et al., 2010). Quite significantly, there is no consensus
on how subregion boundaries appear, if at all, on different MRI contrasts. Demarcating
the subfields is often difficult and is further complicated in diseased populations, where
pathology causes changes in subregion morphology. The major components of the HF
(i.e. CA, DG, SUB, ERC, and major white matter tracts) are apparent on routine clinical
MRI, but they cannot be reliably segmented from each other without prior knowledge of
cellular characteristics, which is often unattainable at clinical resolutions.
By contrast, the neuroanatomy literature defines the boundaries between hippocampal subregions strictly on the basis of microscopic features, such as somatic size, shape and density (Amaral and Lavenex, 2007; Duvernoy, 2005; Harding et al., 1998; Lorente de Nó,
1934; West and Gundersen, 1990). For instance, the transition between the cornu Ammonis subfields CA1 and CA2 is characterized by increased density of pyramidal cells with
larger and more ovoid somata. In some cases, changes in cytoarchitecture translate into
changes in MRI signal. Specifically, hypo-intensity in T2-weighted MRI corresponds to the
hippocampal strata that lie along the interface between DG on one side and CA1, CA2,
and the subiculum (SUB) on the other. However, other subfield boundaries, such as the
CA1/SUB and CA3/DG transitions, have no known MRI signature. Indeed, it has been
argued that the locations of these cytoarchitectonic boundaries vary greatly across subjects
and in most cases do not have a well understood correspondence with macroscopic features
or anatomical landmarks that can be extracted from MRI (Amunts et al., 2005; van Strien
et al., 2011).
In order to evaluate the validity of existing rule-based MRI subfield parcellation protocols,
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as well as to derive more anatomically valid protocols in the future, a better way of linking
microscopic and macroscopic features in the HF is needed than the current state of the
art, which relies on printed atlases that show side-by-side MRI scans and histological slices
acquired at different locations in the HF (e.g. Duvernoy (2005)). Specifically, since HF
subfield segmentation in MRI is inherently a three-dimensional (3D) problem, it is crucial to
develop 3D references of the HF that link cytoarchitectonic boundaries to MRI appearance
and that can be sliced virtually along any direction. Furthermore, such references ought to
capture the anatomical variability in the population.
High-resolution ex vivo MRI microscopy, which occupies a space between the histological
modalities used by professional neuroanatomists and the in vivo MRI used by neuroimagers,
has excellent potential to provide such reference datasets. By taking advantage of ultra-high
field strengths (7 T and above), long acquisition times, many signal excitations, and focused
fields of view, postmortem studies of the HF (summarized in Table 2) realize enormous
gains in image quality over in vivo MRI, and allow excellent visualization of hippocampal
lamina as well as clear differentiation between the HF and adjacent gray matter structures.
However, even at the resolution and contrast of ex vivo MRI, the boundaries between
subfields are not all visually discernible (Chakeres et al., 2005; Yushkevich et al., 2009).
The remainder of this chapter is organized is follows. We first review prior work on ex vivo
MRI of the hippocampal subfields and 3D histology reconstruction. We then describe the
histology and MRI acquisition procedures, the histology segmentation procedure, and the
histology reconstruction methods. Finally, we evaluate reconstruction accuracy and present
a visual summary and discussion of the reconstruction and volumetric annotation of the
hippocampal subfields in MRI.
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2.2. Prior Work
Most studies of whole-hippocampal atrophy have been performed on clinical 1.5 and 3 T
scanners and use T1-weighted MRI scans with resolution on the order of 1 mm3 isotropic.
Such scans provide contrast between the major gray and white matter components of the
HF, but lack the resolution and contrast needed to properly discriminate internal cytoarchitectonic features and regional transitions along the HF’s entire length (Bonnici et al.,
2012; Chakeres et al., 2005; La Joie et al., 2010; Thomas et al., 2008). Nevertheless, some
authors have sought to make subfield-specific inferences in such data, either by integrating
pointwise measures of interest over subfield labels mapped from a template (Apostolova
et al., 2006; Thompson et al., 2004; Wang et al., 2003) or by attempting to label the subfields directly (Hanseeuw et al., 2011; Kook Lim et al., 2012; Lim et al., 2012; Teicher et al.,
2012). Recognizing the limitations of 1 mm3 T1-weighted MRI, several groups have sought
to image and label the the HF subfields using MRI and image analysis algorithms targeted
specifically to the HF. Here we briefly review work on high-resolution, structural in vivo
and ex vivo MRI of the human hippocampal formation, as well as segmentation of the
hippocampal subfields in this modalities.

2.2.1. Structural In Vivo MRI of the Hippocampal Subfields
As shown in Table 1, in vivo studies of the subfields were initially performed at 3 and 4 T
and generally employed small fields of view, high in-plane spatial resolution (approximately
0.4×0.4 mm2 ), and thick slices (2–3 mm) (Kirwan et al., 2007; La Joie et al., 2010; Malykhin
et al., 2010; Mueller et al., 2007; Suthana et al., 2009; Zeineh et al., 2000). The majority
used T2- or T2*-weighted sequences and oblique coronal slices aligned perpendicular to the
HF longitudinal axis, so as to better depict its cellular lamina. A notable exception is from
Van Leemput et al. (2009), who used T1-weighting at 3 T and approximately 35 minutes of
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acquisition time to achieve 0.4 × 0.4 × 0.8 mm3 resolution in conjunction with automated
segmentation. The advent of 7 T imaging enabled increased tissue contrast and resolution,
with improved depiction of the subfields (Breyer et al., 2010; Cho et al., 2010; Henry et al.,
2011; Kerchner et al., 2010; Prudent et al., 2010; Theysohn et al., 2009; Thomas et al., 2008;
Wisse et al., 2012).
Using T1-weighted imaging, Wang et al. (2003) created a template segmentation from one
subject using a clinical sequence; however, few details are provided by the authors. Even
though they strove for smooth label transitions between slices, a 3D reconstruction of the
labels appears blocky, though this is likely partly accounted for by low image resolution.
Their labeled template has been used to localize surface-based hippocampal analysis results
onto subfields in studies of aging and AD (Csernansky et al., 2005; Wang et al., 2003),
depression (Posener et al., 2003), and TLE (Hogan, 2004). In these studies, the template
is used solely to illustrate hippocampal surface deformation patterns and to compare them
to underlying subfields—no quantitative inferences are derived.
Also using T1 images, Van Leemput et al. (2009) segmented the full length of the hippocampal formation. This was done on a set of ten whole-brain images. Their published segmentation protocol is based primarily on geometric features and differs substantially from other
established protocols (Bonnici et al., 2012; Mueller et al., 2007; Yushkevich et al., 2010)
and anatomical atlases (Amaral and Lavenex, 2007; Duvernoy, 2005). A method for automated segmentation of the subfields based on their labeled dataset has been implemented
in the FreeSurfer software package (Fischl, 2012). This method transfers template labels
to target subject images, and it has been applied to derive quantitative conclusions regarding subfield effects in studies of MCI (Hanseeuw et al., 2011), AD (Lim et al., 2012), late
life depression (Kook Lim et al., 2012), and childhood maltreatment (Teicher et al., 2012).
However, the images segmented in these studies are of significantly lower resolution and
SNR than the original images labeled by Van Leemput et al. (2009), and no assessment of
reliability or segmentation accuracy has been performed to our knowledge to date. Kirwan
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et al. (2007) also segmented a T1-weighted template, co-registering it with clinical images
in order to segment subfields in functional studies of behavioral performance and pattern
separation (Bakker et al., 2008; Yassa et al., 2010).
Among the studies in Table 1, several have segmented the hippocampal subfields on in vivo,
PD-, T2- or T2*-weighted scans with high in-plane resolution (at least 0.5 × 0.5 mm2 ) that
are specifically targeted to the MTL region. These modalities show improved contrast of
structures inside the HF compared to T1 imaging. In particular, SRLM-HS is more prominent and therefore serves as landmark for segmentation of CA and SUB from DG (Kerchner
et al., 2010; Pluta et al., 2012; Yushkevich et al., 2009; Zeineh et al., 2012). Several groups
argue that T2 weighting improves subfield localization accuracy in vivo (Mueller et al., 2007;
Pluta et al., 2012; van Strien et al., 2011; Yushkevich et al., 2009). In an early MRI study
of the hippocampal subfields, Zeineh et al. (2000) acquired and segmented such images,
making reference to internal and external hippocampal landmarks in their protocol, which
has been applied to fMRI studies of novelty encoding, memory encoding and retrieval (Eldridge, 2005; Zeineh et al., 2003), and to cortical thickness measurement in apolipoprotein
E 4 carriers (Burggren et al., 2008). These studies were performed using computational
unfolding techniques that map functional activations and gray matter into a flat space, in
which group-wise analyses are performed.
Higher field strengths have been used in order to further boost image resolution and signalto-noise in vivo. For instance, Mueller and Weiner (2009) showed significantly improved
sensitivity in detecting atrophy at 4 T compared to 1.5 T, and they were able to demonstrate
patterns of atrophy in MCI and AD consistent with histopathological findings. Mueller et
al. also published a segmentation protocol that is frequently cited and has been applied
to measure hippocampal subfield-specific effects of aging and AD (Mueller et al., 2007),
apolipoprotein E 4 in normal aging and AD (Mueller et al., 2008; Mueller and Weiner,
2009), TLE (Mueller et al., 2009), PTSD (Wang et al., 2010), memory function (Mueller
et al., 2011), and vascular risk and associative episodic memory ability (Shing et al., 2011).
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The protocol was later adapted by Yushkevich et al. (2010) in an automated multi-atlas subfield segmentation method, which was later augmented with learning-based bias correction
of labels (Wang et al., 2011). This segmentation method has been applied to subfieldspecific studies of longitudinal atrophy rates in cognitive impairment (Das et al., 2012) and
volumetry in MCI (Pluta et al., 2012).
At 7 T, details as small as 100 microns could be reliably distinguished (Prudent et al.,
2010), and there was significantly improved contrast between structures, despite technical
limitations of the high field strength due to dephasing and susceptibility effects (Cho et al.,
2010; Theysohn et al., 2009; Thomas et al., 2008). However, the relatively thick slices
used in many of these studies fail to capture subtle details in the formation along its main
longitudinal axis. Complicating matters, the hippocampal head and tail curve medially with
respect to its body, such that coronal slices do not remain perpendicular to the longitudinal
axis along its entire length. This highlights the need for methods with high-resolution,
isotropic voxels to limit partial volume effects in the head and tail (Yushkevich et al.,
2009).
Several groups have also manually segmented the subfields on high-resolution in vivo MRI
in order to study the effects of normal aging (La Joie et al., 2010), TLE (Henry et al., 2011),
and to characterize subfield distribution along the HF (Malykhin et al., 2010). A significantly more detailed segmentation was produced by Bonnici et al. (2012), who labeled the
length of the whole hippocampus using in images with nearly isotropic resolution, applying
their work to a functional study of memory representation. Their protocol employed both
anatomical and geometric rules derived from printed atlases and a computational postmortem atlas (Yushkevich et al., 2009). Wisse et al. (2012) also generated a very detailed
segmentation of the HF, labeling most subfields in isotropic data by referencing atlases and
prior protocols (Malykhin et al., 2010; Mueller et al., 2007).
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2.2.2. Structural Ex Vivo MRI of the Hippocampal Subfields
Table 2 summarizes several ex vivo MRI studies of hippocampal subfields. Varying sequence
parameters have been chosen to optimize postmortem image contrast, with values depending
greatly on the nature and duration of tissue fixation, as well as the use of exogenous contrast
agents. Physical and chemical changes during fixation cause T1 and T2 relaxation rates
to decrease and to converge within gray and white matter of the postmortem brain with
increased fixation time (Blamire et al., 1999; Dawe et al., 2009; Pfefferbaum et al., 2004).
As a result, proton spin density (PD) weighting and intermediate PD/T2 weightings have
been shown to improve gray and white matter contrast over T2 weighting in postmortem
studies.
Study
Wieshmann et al. (1999)
Fischl et al. (2009)
Augustinack et al. (2010)
Chakeres et al. (2005)
Fatterpekar et al. (2002)
Yushkevich et al. (2009)a

Field (T)
7
7
7
4.7
8
9.4
9.4

Sequence
T2, SE
T2*, MEF
T2*, FLASH
DTI, SE
T1/T2, SE
PD/T2, SE
PD/T2, FSE

Shepherd et al. (2007)

14.1

DTI, SE

Resolution (mm3 )
0.064 × 0.064 × 1.0
0.1 × 0.1 × 0.1
0.1 × 0.1 × 0.1
0.2 × 0.2 × 0.2
0.21 × 0.21 × 2.0
0.078 × 0.078 × 0.5
0.3 × 0.2 × 0.2,
0.2 × 0.2 × 0.2
0.06 × 0.06 × 0.3

Coverage
single slice
whole HF
whole HF
whole HF
single slice
single slice
whole HF
whole HF

Duration (hr)

N.A.
N.A.
17
40
0.05
14.3
13.2–15.5,
62.5
19.2

Table 2: Ex vivo, high-resolution MRI studies of the hippocampal subfields.
a

Segmentation performed manually for CA1, CA2, CA3, CA4/DG, SUB, ERC in hippocampal
body (Yushkevich et al., 2010). (SE: spin echo; MEF: multi-echo FLASH)

Initial studies looked at individual slices or tissue slabs extracted from the HF (Chakeres
et al., 2005; Fatterpekar et al., 2002; Wieshmann et al., 1999). More recently, imaging of the
full 3D extent of the hippocampal region was performed with isotropic 0.1 mm3 resolution at
7 T by Fischl et al. (2009) and Augustinack et al. (2010). Fischl et al. (2009) used features
visible in their high-field, high-resolution images to segment borders of the ERC, which were
then mapped to 1 mm3 in vivo 1.5 T images and to a cortical surface model. They showed
that microscopically-defined ERC borders could be accurately localized using cortical folding
patterns. Augustinack et al. (2010) performed fiber tracking of the perforant pathway that
connects ERC to DG in high-resolution, 4.7 T diffusion tensor images (DTI), validating
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their results with co-registered 7 T, 0.1 mm3 structural images and reconstructed histology.
High-resolution DTI has been used by other groups to study diffusion characteristics of
hippocampal subfields and pathways (Shepherd et al., 2007; Zeineh et al., 2012).
Yushkevich et al. (2009) created a postmortem MRI atlas of the HF by normalizing manually labeled images from five specimens acquired at 9.4 T with nearly isotropic 0.2 mm3
resolution. Unlike the present work, subfields in Yushkevich et al. (2009) were labeled in
MRI space based on macroscopic features. Using shape-based normalization to in vivo
images, the atlas was applied to a study of subfield-specific atrophy in TLE (Das et al.,
2011).
Multiple studies have compared MRI to histological sections in order to confirm anatomical
findings seen in the former modality (Augustinack et al., 2010; Chakeres et al., 2005; Fatterpekar et al., 2002; Fischl et al., 2009; Wieshmann et al., 1999). These comparisons were
made with selected 2D histological sections and not with full 3D reconstructions. While it
does not have near the resolution or contrast of histology, ex vivo high-field MRI does yield
far superior contrast and much smaller voxels compared to in vivo MRI. As such, ex vivo
MRI can potentially serve as an intermediate modality between histology and in vivo MRI,
helping to better understand the characteristics of the latter (Thomas et al., 2008).

2.2.3. Volumetric Histology Reconstruction
Other groups have created 3D biological models and atlases from MRI and histological imaging of the same subject. This has been done in the whole human brain (Amunts et al., 2013;
Toga et al., 1997), the human basal ganglia and thalamus (Chakravarty et al., 2006; Krauth
et al., 2010; Yelnik et al., 2007), the primate brain (Cannestra et al., 1997; McLaren et al.,
2009; Newman et al., 2009; Saleem and Logothetis, 2012), and the mouse brain (Lebenberg
et al., 2010; Lein et al., 2006; Li et al., 2009; MacKenzie-Graham et al., 2004). Amunts et al.
(2005) used 3D reconstructed histology from 20 postmortem specimens to create probabilis-
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tic cytoarchitectonic maps that included the hippocampal formation and its division into the
cornu Ammonis, dentate gyrus (including CA4), and the subicular complex. Reconstruction
was guided by block-face photographs and by whole-brain, postmortem T1-weighted MRI
acquired at 1.5 T and roughly 1 mm3 isotropic resolution. However, their delineations were
performed on a relatively small number of histological sections (< 20) and did not include
the CA subfields or the SRLM-HS.
Additionally, histology reconstruction has been applied to localize targets for surgical planning (Bardinet et al., 2009; Purger et al., 2009), to map white matter tracts (Bürgel et al.,
1999; Dauguet et al., 2007b), to evaluate the extent of pathology (Groen et al., 2010; Meyer
et al., 2006; Park et al., 2008; Xiao et al., 2011), and to analyze response to therapy (Breen
et al., 2005b). Reconstruction methods have also been applied to autoradiographic sections,
where it has been used in the validation of brain function and metabolism (Hess et al., 1998;
Lebenberg et al., 2010; Malandain et al., 2004).
The methods used in this study are extensions of our group’s prior work on whole mouse
brain histology reconstruction (Yushkevich et al., 2006a), in which we created a 3D anatomical reference image for the Allen Brain Atlas of the Allen Institute for Brain Sciences (Lein
et al., 2006). This is a genome-wide database of gene expression in the mouse brain that
allows researchers to relate gene expression and neuroanatomy.
In its most basic form, reconstruction of histological slices can be reduced to 2D inter-slice
registration followed by slice stacking. In practice, however, this often leads to incorrect
reconstruction, as 2D inter-slice registration does not explicitly account for true 3D tissue
shape and coherence that are lost during microtomy. Histology inter-slice registration is
also error-prone, further frustrating reconstruction. Registration errors may result from
differences in slice thickness, sectioning angle, immunohistochemical staining intensity, as
well as inherent discontinuities in anatomy between slices (Breen et al., 2005a; Malandain
et al., 2004; Simmons and Swanson, 2009). Artifacts that occur during microtomy and slide
mounting (e.g. tissue shrinking, tearing, shearing, folding, and displacement) are variable
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between slices and can also lead to poor inter-slice registration. Even small misalignments
between neighboring slices can accumulate, thereby distorting and offsetting shapes along
the slice stacking dimension (Beare et al., 2008; Nikou et al., 2003).
The global shape information lost during sectioning can be reintroduced during reconstruction via co-registration to another modality, as has been done using in vivo (Ceritoglu et al.,
2010; Dauguet et al., 2007a; Malandain et al., 2004) and ex vivo MRI (Choe et al., 2011;
Ourselin et al., 2001a; Yushkevich et al., 2006a). If the MRI is performed in situ, then this
co-registration step can potentially correct distortions that arise due to loss of support and
vascular pressure following tissue extraction (Park et al., 2008). Fixation and embedding
lead to dehydration that also significantly alters tissue shape and volume (Breen et al.,
2005a; Schormann et al., 1995). Block-face photographs taken during tissue sectioning often serve as an additional intermediate modality to guide reconstruction or alignment to
the MRI reference (Chakravarty et al., 2006; Dauguet et al., 2007a; Yelnik et al., 2007).
In the absence of a reference volume or adequate prior shape knowledge, reconstruction
results may be biased. For instance, curved structures may end up straightened following slice stacking—the so-called z-shift or banana problem (Beare et al., 2008; Malandain
et al., 2004). Several techniques have been applied to mitigate the absence of a reference
volume, including block-matching (Ourselin et al., 2001b), registration to a designated reference slice (Cifor et al., 2009; Malandain et al., 2004), registration within particular slice
neighborhoods (Arganda-Carreras et al., 2010; Yushkevich et al., 2006a), minimization of
energy functionals and physics-based approaches that account for complex inter-slice effects (Feuerstein et al., 2011; Gefen et al., 2003; Guest and Baldock, 1995; Krinidis et al.,
2003; Nikou et al., 2003), and the imposition of smoothness constraints between slices (Cifor
et al., 2009; Ju et al., 2006). The reconstruction literature demonstrates a broad range of
methods for inter-slice and volumetric co-registration, including the use of fiducial markers (Beare et al., 2008; Breen et al., 2005b), landmarks or extracted features (Gefen et al.,
2003; Rangarajan et al., 1997), block-matching (Ourselin et al., 2001b; Pitiot et al., 2006),
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and a large variety of transformation models. Further reviews of histology reconstruction
are presented by Arganda-Carreras et al. (2010); Ceritoglu et al. (2010); Cifor et al. (2009);
and Ju et al. (2006).

2.3. Materials and Methods

2.3.1. Specimens and Imaging
We studied the formalin-fixed (≥ 21 days) brain from the autopsy case of an 89-year-old
female with no abnormal neuropathological findings. The specimen was obtained from the
National Disease Research Interchange (Philadelphia, PA). We extracted a tissue sample
measuring approximately 2 × 3 × 8 cm3 from the right hemisphere and containing the intact,
whole hippocampal formation.
An MRI of the whole HF sample was obtained on a 9.4 T, 31 cm horizontal bore Varian scanner (Agilent Technologies, Inc., Santa Clara, CA) using a 70 mm transmit/receive volume
coil (inner diameter TEM coil, Insight Neuroimaging Systems, Worcester, MA). In order to
prevent susceptibility artifacts due to tissue-air interfaces, the sample was immersed in a
plastic cylinder containing a perfluoropolyether that yields almost no detectable MRI signal. The cylinder was carefully agitated and tapped to dislodge air bubbles trapped on the
sample’s surface, then wrapped with foam and fit snugly inside the imaging coil. A standard
spin echo multi-slice (SEMS) sequence was acquired along an oblique slice plane parallel
to the longitudinal axis (readout direction) of the hippocampus, with TR/TE = 5 s/23 ms,
and 48 signal averages. Relatively long TR and short TE were used to account for the effects
of long-term formalin fixation, which causes significant reduction in T1 and T2 relaxation
times in brain tissue (Blamire et al., 1999; Dawe et al., 2009; Pfefferbaum et al., 2004;
Yong-Hing et al., 2005). The raw matrix size was 200 × 500 × 128 voxels with 0.16 mm3
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isotropic resolution. Image acquisition took 13.33 hours.
Since the HF sample was too large for histological processing, it was further sectioned into six
uniformly spaced sub-blocks oriented roughly perpendicular the longitudinal axis. An MRI
was then acquired of the sub-blocks using a similar sequence as for the intact sample: Each
sub-block was placed in a plastic histology cassette and immersed in the perfluoropolyether
compound prior to scanning using the SEMS sequence with TR/TE = 4 s/23 ms, 80 signal
averages, and 0.20 mm3 isotropic resolution. Acquisition time was approximately two hours
per sub-block. The MRI z-plane was oriented parallel to the plane along which the subblocks were sectioned. These sub-block MRIs served as references to guide subsequent 3D
histology reconstruction.
Following MRI acquisition, the tissue underwent histological processing. Each tissue subblock was embedded in paraffin and sectioned on a microtome into slices of 5 µm thickness
parallel to the block face. Histology slice spacing was 200 µm, so as to match the sub-block
MRI resolution. The sections were mounted on slides and histochemically stained using
the Klüver-Barrera method (luxol fast blue counterstained with cresyl violet) (Klüver and
Barrera, 1953), which highlights the Nissl substance in neuronal cell bodies as pink-violet,
and myelin in axons as blue-green. The slides were scanned and digitized at 0.5 µm/pixel
resolution with an Aperio ScanScope CS system (Aperio Technologies, Inc., Vista, CA).
Figure 2 summarizes the imaging protocol.

2.3.2. Histology Image Pre-Processing
The digitized histology slides were downsampled to 1% (50 µm/pixel) of their original size
in each dimension in order to facilitate reconstruction. All subsequent processing steps were
performed on the downsampled images, as they retained high contrast of salient anatomical
structures and a sufficient level of detail to guide registration.
To prevent dislodged tissue fragments and other debris from influencing subsequent image
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with 70mm volume coil (axial view shown)

Figure 2: Postmortem MR and histological imaging protocol of the human hippocampal
formation (SEMS: spin echo multi-slice sequence).
registration and reconstruction, the foreground was automatically segmented from background and debris in each histology slide. Foreground segmentation was performed on
grayscale intensity images obtained via the luminance transform 0.30R + 0.59G + 0.11B on
the red, green, and blue color channel intensities. We used Atropos, an n-class Markov
random field segmentation software package (Avants et al., 2011), to segment the slides
into three label classes (using 1.0 smoothing factor and one voxel neighborhood size). The
label masks were assigned to white matter, gray matter, and background. The white and
gray matter labels were united into a foreground tissue mask, for which we retained only
the largest connected component.
To compensate for staining differences, the intensity ranges of the RGB channels were
independently scaled and shifted between slices using linear intensity mappings. Let µk,WM
i
and µk,GM
denote the mean white and gray matter intensities for color channel k ∈ {R, G, B}
i
of histology slice i ∈ [1, N ]. These values were computed using the segmentation masks
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described above. The optimal slope aki and intercept bki used to map color channel k of slice
i were then computed as the minimizers of the following function:

E(ak , bk ) =

N 
X

k
(aki · µk,GM
+ bki ) − (aki+1 · µk,GM
i
i+1 + bi+1 )

2

+
(2.1)
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b
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−
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k,GM
k,WM
where ak = (ak1 , . . . , akN ), bk = (bk1 , . . . , bkN ), µk,GM
, and µk,WM
. ParameN +1 ≡ µ1
N +1 ≡ µ1

ters of the central reference slice R = bN/2c of each sub-block were set to identity: akR = 1,
bkR = 0.

2.3.3. Graph-Theoretic Slice Stacking
The first stage of the histology reconstruction pipeline consisted of inter-slice co-registration
and stacking to a create an initial 3D volume. A graph-theoretic approach was used during
this stage in order to minimize the propagation of alignment errors and the accumulation of
small slice shifts along the stacking (or z) dimension (Yushkevich et al., 2006a). We applied
these methods to reconstruct each histology sub-block separately.
Let {h1 , . . . , hN } denote the ordered sequence of N gray-scale, downsampled histology slices.
First, each slice was co-registered to its neighbors up to k slices away using 2D affine (six
degree-of-freedom, DOF) transformations. Thus, slice hi was registered to neighbors
{hi−k , . . . , hi−1 , hi+1 , . . . , hi+k }, where 1 + k ≤ i ≤ N − k. We used a neighborhood size of
k = 5 for our experiments. Registration was performed using the Advanced Normalization
Tools (ANTs) software package (Avants et al., 2008a) with the normalized mutual information (NMI) similarity metric. The optimal NMI value between each pair of registered
slices, NMI(hi , hj ), for j ∈ {i − k, i + k} was stored following each registration.
A weighted graph was then constructed with N vertices representing the slices. Edges
between each pair of vertices i and j represented slices registered in the prior step. The
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edge weight between vertices i and j was set to
wij = wji = (1 − NMI(hi , hj )) · (1 + )|i−j| ,

(2.2)

where NMI(hi , hj ) is the NMI metric (normalized to [0, 1]) between slices hi and hj . Lower
values of NMI correspond to lower similarity following registration; larger values to higher
similarity. The edge weights therefore measured the degree of similarity and proximity
between slices, with poorer registrations and more distant slices yielding edges with higher
weights. The constant  was set to a small positive number: 0.01 for our experiments. This
value was chosen empirically to offer the best reconstruction quality for our data.
The graph’s edge weights modulated the amount of slice skipping in the concatenated sequences of transformations to the reference. In particular, larger values of the constant
 tended to reduce slice skipping by weighting edges between distant slices more heavily;
smaller values of  encouraged slice skipping. Increased skipping tended to reduce registration error propagation during reconstruction, particularly in cases where certain slices
registered poorly to their neighbors. The algorithm thus transformed each slice to the reference by effectively bypassing poorly registered pairs of slices, ultimately mitigating negative
effects of distorted slices on reconstruction.
Next, we designated the central histology slice hR of each sub-block as the reference to
which all other slices of the block were transformed. The least cost edge path was found in
the graph from each slice hi to the reference slice hR using Dijkstra’s algorithm (Figure 3).
Each path represented the sequence of 2D affine transformations mapping the sub-block’s
slices to the reference, with respect to the defined edge weights. Finally, we concatenated
the sequence of transformations from hi to hR into a single transformation Ti,R . Each slice
hi was then transformed and resampled to the space of the reference slice according to Ti,R .
Finally, the slices were stacked into a 3D volume.
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Pairwise affine registrations to neighbors

slice stacking (z) direction

good slice

hi
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hi+4
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reference
slice

Concatenate least-cost sequence of pairwise transformations to reference slice

Figure 3: Schematic of graph-theoretic slice stacking. The least-cost sequence of transformations from slice hi to the reference slice are concatenated, thereby skipping distorted
slices.

2.3.4. Subfield Segmentation
Hippocampal subfields were manually segmented along the entire length of the hippocampal
formation. The segmentation of the histology data was performed in two stages. In the
first stage, Aperio ImageScope software (Aperio Technologies, Inc., Vista, CA) was used to
identify and mark transitions between hippocampal subfields in the raw (untransformed)
histology images. The actual segmentation (assigning anatomical labels to polygonal regions
of interest) was performed on the histology images aligned by the graph-theoretic stacking
algorithm (Section 2.3.3). The advantage of tracing subfields in the aligned images was the
consistency in the orientation and position of adjacent slices, which allowed the tracer to
follow subfield boundaries from slice to slice more reliably than would be possible in the
raw histology data. Furthermore, working with the downsampled images made it possible
to use ITK-SNAP (Yushkevich et al., 2006b) as the segmentation tool, which was more
practical than tracing over full-resolution images in ImageScope software. However, when
segmenting each aligned downsampled slice, the tracer would refer to the corresponding
full-resolution slice in ImageScope.
The histology segmentation used a set of anatomical labels (CA1, CA2, CA3, DG, SUB,
and SRLM-HS) similar to those used in in vivo imaging studies of hippocampal structure
(Table 1). This is because the ultimate purpose of this work is to inform in vivo MRI
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segmentation. Thus, similar to the in vivo literature, multiple neuronal layers (strata) of
the hippocampus were grouped together within subfield labels. Specifically, subfield labels
CA1, CA2, and CA3 consist of the stratum pyramidale of the hippocampus proper. The
label “DG” combines the molecular, granule cell, and polymorphic layers of the DG, as well
as the region referred to as CA4 in the convention established by Lorente de Nó (1934) and
followed by Duvernoy (2005), but which Amaral and Lavenex (2007) argue should instead
be called the hilus of the DG, due to its closer association with the DG than with the
hippocampus proper. The remaining strata (stratum radiatum and stratum lacunosummoleculare of the hippocampus proper) and the vestigial hippocampal sulcus are grouped
under the “SRLM-HS” label. The SUB label does not distinguish between presubiculum,
parasubiculum or the subiculum proper.
Boundaries between adjacent subfields were determined on the basis of cytoarchitectonic
features, rather than geometric or heuristic rules, following the descriptions and depictions
of the microscopic characteristics of the subfields (i.e. the size, shape, and density of the
neuronal somata) given in Sections 3.2.1 and 3.2.2 of the Duvernoy (2005) atlas. Following
this atlas, the CA1 neuronal somata in the pyramidal layer (which stain purple) have an
ovoid shape and are populated sparsely (Figure 4A). This region also has the thickest
pyramidal layer of all the CA subfields. By contrast, the somata in CA2 (Figure 4B) are
triangular in shape and larger than the somata of CA1. They are also the most densely
packed somata of all the CA subfields. In addition, the CA2 pyramidal layer is the thinnest
of the CA subfields. A CA1/CA2 transition region, where these characteristics modulate
from CA1-like to CA2-like can be identified in the pyramidal cell layer, and the boundary
between CA1 and CA2 subfields was drawn at the best visual estimate of the midpoint of
this region (Figure 5F). The somata in CA3 (Figure 4C) are similar in appearance to those
in CA2, but are more sparsely packed, and the pyramidal layer is thicker than in CA2.
These differences make it possible to identify a CA2/CA3 transition region (Figure 5H).
The somata in the hilar region of the DG (called CA4 by Duvernoy (2005)) appear similar
to those in CA3 but are more ovoid and sparse. The transition between CA3 and the
27

hilus of the DG follows an arc that can be visually identified in many slices (Figure 5J).
The SRLM-HS label, together with the opened hippocampal sulcus, forms much of the the
outer boundary for the DG label and the inner boundary for most of the CA subfields
and subiculum. The outer CA boundary is clearly marked by the dark blue staining of
the adjacent white matter structures (alveus and fimbria). The neuronal somata in the
subiculum appear quite similar to those in CA1, but its pyramidal layer is characterized
by a more striated appearance (Figure 4E). However, the transition between CA1 and the
subiculum is typically the most difficult of the transition zones to identify visually. The
medial boundary of the SUB label was drawn to the ERC in the histology slices where the
ERC was captured; however, many slices cut off the ERC and portions of the subiculum,
pre-subiculum and parasubiculum. In those slices, the SUB label was drawn as far medially
as possible. The ERC was not segmented as part of this work, since it is not captured in
many of the slices and because its six-layered cortical structure differs significantly from the
three-layered structures of CA and DG.
For completeness, illustrations of the manual segmentation of the histology slices along the
anterior to posterior extent of the hippocampus are included in Appendix C.

2.3.5. Histology-MRI Co-registration Refinement
Though graph-theoretic slice stacking (Section 2.3.3) provided a sufficient amount of consistency in orientation and position between slices to permit tracing subfields with consistency
along the stack, there remained errors in reconstruction. Following slice stacking, the main
hindrance to accurate reconstruction was “z-shift” error: Even though neighboring slices
were well aligned, overall 3D shape along the stacking direction was distorted due to the
accumulation of registration errors between slices and the absence of true 3D shape information. Inter-slice alignment during stacking gave good correspondence between local
histology features, but the initial reconstruction failed to exactly match the tissue’s 3D
shape. To eliminate z-shift, we co-registered the reconstructed histology with the sub-block
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(A)

(B)

(D)

(E)

(C)

Figure 4: Zoomed-in views of histology slice displaying cell types in the hippocampal
formation: pyramidal cell layer of cornu Ammonis subfields (A) CA1, (B) CA2, (C) CA3;
(D) granule cell layer of dentate gyrus (DG); (E) pyramidal cell layer of subiculum
MRI, the latter of which was assumed to represent true tissue shape. Figure 6 gives a
schematic of the major steps in the reconstruction pipeline.
Let us call H 0 the histology volume following stacking in the previous reconstruction stage
(Section 2.3.3) and M 0 the sub-block MRI. First, M 0 was registered to H 0 using the NMI
similarity metric and a 3D scaling (9-DOF) transformation model, which accounted for
global positioning and shape differences between the two modalities (e.g. due to shrinking
of the tissue during fixation).
Denote by M 1 the MRI volume after it has been transformed and resampled to the space of
H 0 . We then performed a 2D, in-plane affine registration between each slice of H 0 and its
corresponding slice (i.e. at the same z position) in M 1 . The transformed slices of H 0 were
then re-stacked into a new estimate of the histology volume, which we call H 1 . This 3D/2D
registration sequence was iterated (i.e. mapping M 1 to H 1 to yield M 2 and H 2 , etc.).
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(B)

CA2
CA3
DG
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Figure 5: Histology image of hippocampal body shown (A) with subfield transition regions
and (B) full segmentation. Zoomed-in views of transition regions are shown at 5× (left
30
column) and 10× (right column): (C, D) SUB/CA1;
(E, F) CA1/CA2; (G, H) CA2/CA3;
(I, J) CA3/DG

Histology slices of tissue block
- Kluver-Barrera staining
- sectioned 5 µm thick with 200 µm spacing

MRI of tissue block
- spin-echo multi-slice sequence
- 200 µm isotropic resolution

(1) Graph-theoretic
slice alignment and
stacking

(2) Iterative 2D/3D
alignment with MRI

(3) 2D diffeomorphic
registration refinement

Figure 6: Major stages of histology reconstruction pipeline shown schematically for one
tissue sub-block.
Convergence was based on registration quality between warped histology and MRI slices.
Let hki and mki be the ith slices of the histology (H k ) and MRI (M k ) volumes following k
iterations of the algorithm. Registration quality at iteration k was defined as
N
1 X
Q(k) =
NMI(hki , mki ),
N

(2.3)

i=1

where N is the total number of slices. Convergence was declared when the relative change
in Q(k) fell below a threshold of 10−3 in our experiments, which led to between four and
seven iterations for the tissue sub-blocks.

2.3.6. Diffeomorphic Registration Refinement
Following convergence of 3D/2D affine co-registration refinement, we performed 2D diffeomorphic registration refinement between slices of the histology and MRI volumes. This
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was done in order to further improve reconstruction continuity, to recover residual differences between the modalities, and to recover true tissue shape both in-plane and along the
stacking dimension. The registrations at this stage were done using the 2D diffeomorphic,
Symmetric Normalization (SyN) transformation model in ANTs (Avants et al., 2008a) using
the following settings: three multi-resolution levels with a maximum of 1000 iterations per
level, 0.25 gradient step size, and Gaussian regularization with 3.0 pixel standard deviation.
Let Ĥ 0 and M̂ denote the histology reconstruction and MRI volumes after the previous
affine co-registration refinement stage (Section 2.3.5) has been executed. Each histology
slice hi of Ĥ 0 was deformed to simultaneously match its adjacent slices hi−1 and hi+1 , as
well as its corresponding MRI slice mi of M̂ , as shown in Figure 7. The registration of
histology slice hi was done using the following similarity metric:
1−b
· (ai,i−1 · NMI(hi , hi−1 ) + ai,i+1 · NMI(hi , hi+1 )) + b · NMI(hi , mi ).
ai,i−1 + ai,i+1

(2.4)

Weights ai,i−1 and ai,i+1 were computed from values in Ni = {NMI(hi , hj ) | j ∈ [i−5, i+5]},
which were obtained in the stacking stage (Section 2.3.3): Let µi and σi be the mean and
standard deviation of values in Ni . We defined ai,i−1 = (1 + exp (−(NMI(hi , hi−1 ) − µi )/σi ))−1
and similarly, ai,i+1 = (1 + exp (−(NMI(hi , hi+1 ) − µi )/σi ))−1 . We used a fixed weight
b = 0.75, which favored matching histology to MRI while preserving continuity between
histology slices.
After performing this registration for all slices {h1 , . . . , hN } of Ĥ 0 in sequential order, the
warped slices were stacked into a new volume Ĥ 1 . We continued iterating over all slices of
Ĥ 1 in the same manner (constructing Ĥ 2 , Ĥ 3 , etc.) until the relative change at iteration
k between NMI(Ĥ k , M̂ ) and NMI(Ĥ k+1 , M̂ ) fell below 0.5 × 10−5 . For the histology subblocks, this led to between 21 and 25 reconstruction iterations.
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histology slice i−1
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match

warp

histology slice i

MRI slice i

warped histology slice i
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histology slice i+1

Figure 7: Schematic of diffeomorphic registration of histology slice hi simultaneously to its
neighbors hi−1 , hi+1 , and to corresponding MRI slice mi .

2.3.7. Registration of Tissue Sub-Block MRIs to Whole-HF MRI
As a final step, the MRIs of the approximately 1 cm thick tissue sub-blocks were registered
to the MRI of the whole HF that was acquired prior to cutting. Registrations were done in
ANTs using the normalized cross-correlation metric and 9-DOF scaling transformations in
order to account for global tissue shrinkage due to embedding. Since histology from each
sub-block was reconstructed into the space of its respective sub-block MRI, these transformations also mapped histology to the space of the whole-HF MRI. All segmentation labels
were also transferred from the original histology sections to the whole-HF MRI volume.
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2.3.8. Subfield Label Refinement in Whole-HF MRI Space
In whole-HF MRI space, the transferred subfield labels were manually refined in ITKSNAP (Yushkevich et al., 2006b) in order to account for residual errors in the histologyto-MRI mapping and gaps in labels due to missing or damaged tissue. The CA and SUB
labels were adjusted to agree with the visible pial and white matter cortical boundaries
in the coronal plane of the MRI reference. Transitions between subfield label boundaries
(i.e. SUB/CA1, CA1/CA2, CA2/CA3, CA3/DG) were not modified, since they were not
supported by MRI contrast and only evident in histology. The result is a smoother segmentation that better adheres to the MRI intensity features. For MRI slices that fell in
between the histology stacks (i.e. slices at the edges of the tissue blocks), the delineation was
extrapolated by manually extrapolating the subfield boundaries derived from neighboring
histology sections.

2.3.9. Evaluation of Reconstruction Accuracy
As a measure of reconstruction accuracy, we evaluated the average displacement error of the
outer CA boundary and the inner SRLM-HS boundary in both MRI and histology following
the three sequential stages of reconstruction. Specifically, the first boundary separates the
gray matter of CA from surrounding white matter, and it was drawn at the interface
of the stratum oriens and the stratum pyramidale. The second boundary approximately
separates DG from the CA subfields and SUB. In histology, it was marked as the innermost
boundary of the SRLM-HS label. Both boundaries run roughly parallel to the vestigial
hippocampal sulcus and reliably appear with high contrast in histology and MRI (Duvernoy,
2005; Fatterpekar et al., 2002; Malykhin et al., 2010). We demarcated the boundaries in
histology and MRI prior to executing image pre-processing and the reconstruction pipeline.
Sample demarcations of boundary curves are shown in Figure 8 for two corresponding MRI
and histology slices following reconstruction with diffeomorphic co-registration refinement.
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Figure 8: Corresponding coronal MRI (left) and histology (right) sections following diffeomorphic reconstruction. Sample evaluation curves for boundary displacement error computation are shown for the cornu Ammonis (CA, red) and stratum radiatum, stratum
lacunosum-moleculare, and hippocampal sulcus (SRLM-HS, green).
Boundary displacement error (BDE) was calculated between the two boundary curves in
MRI and histology following the sequential stages of reconstruction: slice stacking (Section 2.3.3), affine 2D/3D histology-MRI co-registration refinement (Section 2.3.5), and 2D
diffeomorphic co-registration refinement (Section 2.3.6). Additionally, we evaluated slice
stacking both with and without the graph-theoretic slice skipping algorithm. The graphtheoretic algorithm was disabled by setting a registration neighborhood size of k = 1 and
a value of  = 0 in Equation 2.2 for edge weights. Evaluation of BDE was performed on
six equally spaced slices from each tissue sub-block, in the anatomical space of the original
sub-block MRIs. For two boundaries defined by point sets A and B, the BDE metric is
defined as follows:
1
2
X
X
1
1
2
2

d(p, B) +
d(p, A)
,
BDE(A, B) =
|A|
|B|


p∈A

(2.5)

p∈B

where d(p, A) and d(p, B) are the Euclidean distances from point p to the closest point on
boundaries A and B, respectively.

35

2.4. Results
In this section, we present the results of histology reconstruction and the mapping of subfield
labels into MRI space. Figure 9 shows reconstructed histology from two HF tissue sub-blocks
following sequential stages of the volumetric reconstruction algorithm. The first two rows
demonstrate the results of slice stacking without and with graph-theoretic slice stacking
(Section 2.3.3), respectively. Reconstructions are also shown following affine 3D/2D coregistration (Section 2.3.5) and diffeomorphic 2D co-registration refinement (Section 2.3.6)
with the tissue sub-block MRI. Slices were generally aligned in the initial reconstruction, but
some features (e.g. white and gray matter boundaries, tissue boundaries, and the SRLM-HS)
were not continuous along the stacking (z) dimension. Affine co-registration with MRI and
further diffeomorphic co-registration refinement significantly improved visual reconstruction
quality, as increased continuity was seen between anatomical structures along z. This
observation is quantified in Figure 10, which shows that mean displacement error between
corresponding anatomical boundaries in histology and MRI decreased using graph-theoretic
slice stacking and following the MRI co-registration refinement steps.

Figure 9: Axial and sagittal views of reconstructed histology from two tissue sub-blocks
following stages of reconstruction: slice stacking (A) with and (B) without graph-theoretic
slice-skipping, (C) affine co-registration refinement with reference MRI, and (D) diffeomorphic co-registration refinement with reference MRI. The reference MRI of each sub-block is
shown in row (E).
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Figure 10: Mean boundary displacement errors between stratum radiatum, lacunosummoleculare, and hippocampal sulcus (SRLM-HS) and cornu Ammonis (CA) boundaries in
reconstructed histology sub-blocks following application of sequential stages of volumetric
reconstruction (error bars indicate standard deviation).
While Figure 9 highlights reconstruction results in the axial and sagittal planes, Figure 11
shows comparisons of matching histology and MRI coronal slices following affine and diffeomorphic co-registration refinement. Representative slices are given from the hippocampal
head, body, and tail of the specimen, with subfield labels shown on the warped histology.
While differences are more subtle than in the axial and sagittal views, residual differences
between the MRI and histology coronal slices are seen to decrease following diffeomorphic
refinement between the two modalities.
To demonstrate the reconstruction of the entire sample, we show the tissue sub-blocks
registered and resampled into the space of the whole-HF MRI using 3D scaling transforms
(Section 2.3.7). Figure 12 shows axial and sagittal views of the whole-HF MRI, the coregistered sub-block MRIs, and the reconstructed histology following warping to the space
of the whole-HF. The sixth tissue sub-block did not contain HF structures and is not
shown. After registration, gaps (oriented along oblique coronal planes) existed between the
reconstructed histology and MRI sub-blocks. Despite these gaps, which were due to tissue
lost or damaged at the ends of sub-blocks during cutting and microtome sectioning, the
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Figure 11: Coronal slices at level of hippocampal head, body, and tail comparing (A) tissue
sub-block MRI with reconstructed histology following (B) affine and (C) diffeomorphic
co-registration refinement. Subfield labels are overlaid following affine and diffeomorphic
warping in column (D).

38

main hippocampal structures were visually well aligned between the registered sub-blocks.

Figure 12: Axial and sagittal views of (A) whole-HF MRI; (B) tissue sub-block MRIs
co-registered to whole-HF MRI using 9-degree-of-freedom scaling transforms; and (C) reconstructed histology resampled to the whole-HF MRI.
The subfield segmentation labels derived from histology are shown overlaid on the wholeHF MRI in Figure 13. Labels are shown before and after manual label refinement using
the whole-HF MRI as reference (Section 2.3.7). There is visually improved smoothness and
consistency of label boundaries following refinement. Three-dimensional renderings of the
subfield labels in whole-HF space are shown in Figure 14, both before and after manual label
correction. Figure 15 displays the final subfield segmentation labels overlaid on MRI slices
of the head, body, and tail from the whole HF. This is the same data displayed in columns
(D) of Figure 13, but shown resliced along coronal planes aligned with the anterior-posterior
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axis of the HF. Since the MRI and final subfield labels have 160 µm isotropic resolution,
they can be resliced along arbitrary axes.
Table 3 reports volumes of the region labels in the annotated postmortem dataset. These
volumes were computed following manual label correction in the space of the MRI of the
fixed, whole HF specimen.
Region
CA1
CA2
CA3
DG
SUB
SRLM-HS
Total

Volume (mm3 )
1188.7
65.6
87.2
451.4
282.8
285.8
2361.6

Table 3: Region volumes of HF in segmented whole-HF MRI dataset

2.5. Discussion
To ensure that the mapping of anatomical boundaries from histology space to MRI space
was accurate, we evaluated the mean displacement error between two anatomical boundaries
that can be reliably labeled in both modalities: the outer boundary of CA gray matter and
the innermost boundary of the SRLM-HS. As expected, sequential stages of the histology
reconstruction pipeline, from histology slice stacking through affine and diffeomorphic coregistration refinement with MRI, led to successive reduction in the boundary displacement
error, as shown in Figures 9 and 10. As Figures 11 and 12 show, the matching of other
anatomical features between the two modalities are also largely visually consistent. The
largest apparent anatomical differences between the modalities are observed in ventricular
spaces and at section peripheries due to large physical deformations that most likely took
place during tissue embedding and sectioning.
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Figure 13: Hippocampal subfield labels derived from histology shown before and after
manual refinement. All images and labels are in the anatomical space of the whole-HF
MRI: (A) whole-HF MRI; (B) final reconstructed histology; and whole-HF MRI overlaid
with subfield labels (C) before and (D) after manual refinement.
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Figure 14: Hippocampal subfield labels derived from histology reconstructed in 3D (A) before and (B) after manual label refinement.
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Figure 15: Coronal slices of whole-HF MRI overlaid with final subfield labels derived from
histology following volumetric reconstruction. Slice positions are depicted on an axial section of whole-HF MRI.
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The final mean boundary displacement error in the quantitative evaluation is on the order of
0.5 mm. While this error is not insignificant in comparison to the thickness of hippocampal
strata, it is relatively small contrasted to the uncertainty of the location of the boundaries
between hippocampal subfields along the strata, which are not hard boundaries, but rather
soft transition zones. Compared to the degree of variability in the definition of hippocampal
subfields in MRI literature, illustrated in Figure 1, errors on the order of 0.5 mm introduced
by the histology to MRI mapping can be considered relatively small.
Application of the manual correction to histological labels in MRI space, illustrated in
Figures 13 and 14, allows errors in the direction across hippocampal strata to be rectified,
since the relevant boundaries (between CA gray matter and surrounding white matter, and
between CA and DG) are well defined in MRI space. By performing manual segmentation in
histology space, then applying corrections in MRI space, we are able to bring into the MRI
space the relevant cytoarchitectonic information that is not present there, without having to
compromise the quality of boundaries between hippocampal strata that can be observed in
MRI directly. In addition, manual post-processing in MRI space allowed subfield boundaries
to be extrapolated to regions of the MRI that were left unsegmented due to unrecoverable
tissue loss at the ends of sub-blocks. However, this procedure assumed a degree of visual
continuity between subfields across slices.
In Table 3, we report labeled region volumes (following tissue fixation) in the whole-HF MRI
dataset. The volumes that we report for CA1, CA2-3 (combined), and DG are comparable
in magnitude to volumes estimated in postmortem histology studies by West and Gundersen
(1990) and Simic et al. (1997). However, we emphasize that our volumes are based on a
single subject. Furthermore, the volumes in our study are estimated directly in the 3D MRI
space, whereas the studies by West and Gundersen (1990) and Simic et al. (1997) estimated
volumes from a small number of sections (∼ 10) along the length of the hippocampus,
necessitating correction for tissue shrinkage in histological processing.
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2.5.1. Limitations
There is room for improvement in our current MRI and histology acquisition pipelines.
For instance, using smaller coils and tissue samples processed with contrast agent, Fischl
et al. (2009) and Augustinack et al. (2010) obtained scans of the whole HF at resolution
as high as 0.1 mm isotropic, which revealed even greater detail. In our future work, MRI
samples obtained with a smaller 35 mm radiofrequency coil will be used, which will improve
contrast and resolution. However, even at this higher resolution, MRI fails to provide
features necessary to define most subfield boundaries. Additionally, incorporating blockface imaging into the histology acquisition pipeline could be used to more directly guide
reconstruction or to facilitate correction of slice distortions, such as tears or debris, without
reference to MRI (Dauguet et al., 2007a; Yelnik et al., 2007).
The premise of accurate labeling of subfields in postmortem MRI in this study rests on
both accurate segmentation and reconstruction of the histology. Our segmentations were
based on cytoarchitectural features and information presented in a published atlas of the
human HF. Even at this level of detail, disagreements are likely to arise between researchers
on where subfield boundaries should be placed, particularly in the anterior and posterior
hippocampal regions. In fact, one of the limitations of the current study is that the manual
segmentation was not done by a professional neuroanatomist and may have errors, particularly in the more complex transition zones, such as SUB/CA1 and those in the anterior
hippocampus. We note, however, that the reconstruction strategy that we presented can
be used with any manual labeling of the histology data, and can be corrected or adjusted
in future work. On the other hand, discrete transitions between labels may not be best
suited to representing subfield boundaries. Transitions between subfields encompass zones
of intermediate cell shapes and densities that may be more appropriately represented by
fuzzy subfield labels boundaries in a future atlas. Furthermore, the reconstruction pipeline,
if coupled with techniques for automated feature extraction from histology, can allow the
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mapping of cytoarchitectonic features themselves into the MRI space. Correlating these
features with macroscopic changes derived from MRI analysis may lead to more relevant
inferences than the current approach of integrating these macroscopic changes over discrete
subfield labels.
A further limitation of the present work is that it captures the anatomy of a single, fixed
specimen. We must therefore exercise caution in using it to derive inferences on subfield distribution. In earlier work, which did not incorporate histology, we developed and evaluated
tools for combining postmortem MRI scans of multiple individuals to form a probabilistic
atlas of the HF (Yushkevich et al., 2009).

2.5.2. Conclusion
We foresee several applications of this work and a future probabilistic atlas that could have
significant impact in neuroimaging of the HF. The ability to relate cytoarchitectonic information and MRI appearance throughout the HF and at any cross-section make this a
significantly richer resource than printed atlases (Amaral and Lavenex, 2007; Duvernoy,
2005; Mai and Paxinos, 2011) for guiding the development of more valid manual segmentation protocols for in vivo MRI. Whereas multiple such segmentation protocols have been
proposed in the literature, the rules that they use to define subfield boundaries are sometimes strikingly different, as Figure 1 illustrates. This discrepancy in what different authors
label as subfields can compromise the ability to compare the results of different studies,
which limits the utility of subfield measurements in many applications. Characterizing the
relationships between the histological and MRI appearance of the subfields has the potential to quantify the anatomical validity of the heuristic rules currently used for subfield
delineation in MRI studies.
Although there has been a concerted effort to harmonize the segmentation protocol for the
whole hippocampus in T1-weighted MRI (Boccardi et al., 2011; Frisoni and Jack, 2011; Jack
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et al., 2011), such a task is yet to be performed for hippocampal subfields. By linking MRI
appearance to microscopic features, our reconstruction can potentially serve as a useful
reference dataset for the eventual harmonization effort. Furthermore, given the recent
success of automated techniques at propagating manual subfield segmentations from a set
of training data to new unlabeled images (Pluta et al., 2012; Van Leemput et al., 2009),
our work may have impact on the anatomical accuracy of automated HF segmentation
algorithms developed in the future. Lastly, a future probabilistic atlas will have the potential
to serve as a reference space for the HF, into which functional data from in vivo functional
MRI studies can be brought in by means of shape-based normalization (Das et al., 2011;
Kirwan et al., 2007) and analyzed in the context of hippocampal substructure.
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CHAPTER 3

A probabilistic atlas of the human hippocampus from
postmortem MRI and 3D reconstructed histology
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3.1. Introduction
The human hippocampal formation is a set of complex anatomical structures situated in
the medial temporal lobe (MTL) that includes the cornu Ammonis (CA), the dentate gyrus
(DG), the subiculum (SUB), and the entorhinal cortex (ERC). This work focuses on the
hippocampus, which comprises CA, DG, and SUB. The cornu Ammonis is further subdivided into subfields with both anatomical and functional distinctions. The subfields have
received significant attention by the neuroimaging community due in large part to recognition of their differential functional roles in the declarative memory system and in spatial
navigation (Kesner and Rolls, 2015), and to their specific vulnerabilities to pathology in nu-
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merous diseases (Small et al., 2011), including Alzheimer’s disease (AD), which is a leading
cause of dementia and a great public health concern (Prince et al., 2013; Reitz et al., 2011).
In efforts to gain understanding of the hippocampus at the population-based level, numerous
studies have attempted to observe cross-sectional and longitudinal effects using clinical
magnetic resonance imaging (MRI) in large cohorts of subjects (e.g. Barnes et al. (2009);
Weiner et al. (2012)). There has also been considerable interest in using MRI to understand
the functional organization of the hippocampal region (e.g. Leutgeb et al. (2007); Yassa et al.
(2010)). However, the majority of analyses rely on demarcations of the subfields in MRI
that are not understood in relation to verifiable, ground truth anatomical evidence based on
microscopic imaging (van Strien et al., 2011). For instance, some recent studies demarcate
subfields based on heuristic geometrical rules that potentially conflict with each other and
with current understanding of the subfields (Wisse et al., 2014). These problems and the
vast variability among hippocampal segmentation protocols in use (Yushkevich et al., 2015a)
bring to question the validity and generalizability of many published results. They may also
limit the application of hippocampal subfield-specific imaging and analysis methods toward
the development and evaluation of biomarkers and therapeutics.
Postmortem MRI coupled with histology, which displays true region boundaries, promises
great potential towards quantitative and qualitative understanding of the distribution of the
subfields. Recent MRI studies of fixed, postmortem specimens are able to depict structure
of the hippocampus with much greater resolution and contrast than clinical, in vivo MRI
sequences (Adler et al., 2014). Individual cell lamina and cortical layers become discernible,
often with exquisite detail (Augustinack et al., 2013; Chakeres et al., 2005; Coras et al.,
2014), which in turn reveals greater inter-subject shape variability than can be appreciated
using in vivo modalities.
The main contribution of this chapter is a new, high-resolution atlas of the human hippocampus from combined postmortem MRI of 26 specimens and densely acquired histology
of a subset of eight specimens. Registration methods based solely on intensity similarity or
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basic shape models are inadequate for capturing the anatomical variability seen in this postmortem data. In order to avail ourselves the imaging detail in constructing the atlas, we developed a new hippocampal modeling technique that recognizes the anatomical importance
of the internal layers comprising the stratum radiatum and stratum lacunosum-moleculare
of CA, the vestigial hippocampal sulcus, and the stratum moleculare of DG (collectively
referred to as SRLM) in matching images. The SRLM is semi-automatically segmented in
the MRI and used to derive a shape-based parameterization of the hippocampus, which is
incorporated into a combined surface and volumetric groupwise registration strategy. The
atlas describes the probabilistic distribution of the hippocampal subfields by using segmentation labels derived from the reconstructed histology. Ultimately, a resource such as this
atlas is needed to reliably define and assess the variability of subregional boundaries of the
hippocampus in relation to microscopic anatomy (Yushkevich et al., 2015a). And by serving
as a standardized space to which the results of hippocampal imaging studies can be normalized and analyzed, this atlas could additionally lead to the discovery of more powerful
clinical findings.
The following sections provide additional background, methodology on MRI and histology acquisition, segmentation, shape parameterization, and groupwise registration for atlas
generation. A quantitative validation of our method’s ability to co-register subjects is presented. We also present basic characterization the anatomical variability among our the
atlas dataset and discuss how atlas correspondence may be extended to images of new
subjects.

3.1.1. Background
The hippocampus is a bilaterally symmetric set of curved, elongated structures situated medial to the inferior horn of the lateral ventricle, with three macroscopically defined anatomical regions (Destrieux et al., 2013): The relatively thickened head region, situated posterior
and inferior to the amygdala, is remarkable for generally three or four large digitations on
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its superior surface, called the pes hippocampi, that may result from physical barriers to
forward growth during development (Duvernoy, 2005). Coronal sections of the body region, which courses adjacent to the brain stem, clearly exhibit the ‘C’-shaped pattern of
CA and DG, which interlock along the entire hippocampus length to form the structure’s
characteristic “Swiss roll” shape. Along its intraventricular side, the DG has a dentate
(or “toothed”) appearance that correlates with the penetration of blood vessels. The hippocampus tail region tapers significantly as it curves posteriorly around the splenium of the
corpus callosum. The head and tail regions both bend medially with respect to the body’s
approximately anteroposterior course in the brain. Due to this bend and the presence of the
pes hippocampi, the interlocking of CA and DG can be best appreciated on angled imaging
planes that follow the hippocampus’ longitudinal curvature, as demonstrated by Coras et al.
(2014).
The CA and DG are both formed of three archicortical layers, and like the neocortex, these
regions both have somewhat analogous superficial molecular and deep polymorphic cell layers. However, due to morphological changes undergone by the hippocampus during human
embryological development, the respective layers of CA and DG, which begin in gestation
as a continuous and linear structure, become oriented in roughly opposing directions (Kier
et al., 1997). Visible changes to their shape begin at 10 weeks of gestational age, when the
hippocampal sulcus appears. The sulcus gradually deepens, causing the originally straightcoursing hippocampus to fold inwards on itself starting at 15 to 16 weeks: the tissues
destined to become DG and CA assume curved shapes, and DG begins to rotate towards
the medial side of CA. The sulcus then narrows and DG continues to fold into and fuse with
CA until, by 18 to 20 weeks, the hippocampus begins to resemble its fully developed shape.
The once superficial molecular layers of CA and DG become apposed across a remnant—or
vestigial—hippocampal sulcus.
The CA contains a layer of densely packed pyramidal nerve cell bodies of varying size and
shape: These are the predominant cells within the hippocampus. Following the convention
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of Amaral and Lavenex (2007), the CA is subdivided into three subfields: CA1, CA2, and
CA3, which are physically differentiated by cytoarchitectonic, molecular, and innervation
structure. The subiculum, transitioning between the archicortex of CA and neocortex of the
entorhinal region, is subdivided into multiple regions, though our present work forgoes these
distinctions. Complex networks underly the connectivity of the hippocampal subfields with
each other and with other subcortical and cortical structures. The trisynaptic circuit, for
instance, is one of the primary routes of neuronal signaling through the hippocampus. Interspersed throughout the SRLM layers, which lie superficial to the pyramidal layer, are apical
dendrites of the pyramidal cells and other dendritic and axonal connections, including the
perforant pathway, mossy fibers, and Schaffer collaterals of the trisynaptic circuit. Recent
work has sought to achieve accurate and reliable parcellation of the subfields using dense sequential sampling and combined neurochemical and cytoarchitectonic staining (Ding, 2015;
Ding and Van Hoesen, 2015).
There has been significant prior work on advancing our understanding of the appearance
of the hippocampus in MRI. Studies have investigated the region from a purely anatomical
point of view, as well as in the context of normal development, aging, and diseased states.
Iglesias et al. (2015) constructed a statistical atlas of the hippocampal formation using highresolution (mean 0.13 mm isotropic resolution) ex vivo MRI at 7 T from 15 specimens excised
from elderly subjects. The hippocampal subfields were manually segmented in the ex vivo
MR images and combined with extra-hippocampal labels derived from the in vivo MRI.
Their atlas and associated in vivo MRI segmentation method, based on Bayesian inference,
are released as part of the FreeSurfer (version 6.0) software package. The in vivo MRI atlases
of Winterburn et al. (2013) were generated from manual segmentations of clinical scans at
3 T of five healthy subjects. Our group’s in vivo atlas is constructed from the manual
delineation of 3 T MRI in 15 controls and 14 amnestic mild cognitive impairment (aMCI)
subjects (Yushkevich et al., 2015b). However, a current major limitation in the hippocampal
imaging field is a lack of understanding of the region’s anatomical variability. Despite a
large body of work on detailed print atlases of the hippocampus (e.g. Amaral and Lavenex
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(2007); Duvernoy (2005)), to date there exists no computational anatomical reference of
the hippocampus that describes the probabilistic distribution of its cytoarchitectonicallydefined subfields in three dimensions (3D) using histological data.
This work is an extension of our prior postmortem atlas (Yushkevich et al., 2009), which
was constructed from MRI of only five specimens, and in which subregional boundaries
were defined based on MRI intensity and geometrical features. In the registration methods developed to construct the current atlas, we recognize that the SRLM layers and the
intervening vestigial hippocampal sulcus form a salient visual feature in imaging of the
hippocampus. These layers are less formally referred to as the “dark band” due to their
hypo-intense appearance in T2-weighted images: The SRLM lacks cell bodies and many
fibers course through it. Geometrically, the SRLM can be regarded as a medial scaffold
surface that extends the length of the juncture along which DG and CA fold and fuse with
one another during embryological development, creating the characteristic Swiss roll shape.
The SRLM is prominent in both in vivo and ex vivo imaging, and therefore an important
landmark for hippocampal alignment and subfield morphometry.

3.2. Tissue Specimens and Image Acquisition
We studied 26 formalin-fixed (≥ 21 days) brain hemispheres from the autopsies of 16 individuals (five male, eight female, and three of unknown sex). Of these, the brains of three
individuals were obtained from the Department of Pathology and Laboratory Medicine of
the Perelman School of Medicine at the University of Pennsylvania (Philadelphia, PA). Images of the specimens from these three were also used in the construction of our group’s
prior postmortem MRI atlas (Yushkevich et al., 2009); the brains of the 13 other subjects
were obtained from the National Disease Research Interchange (NDRI) (Philadelphia, PA).
The right-sided hippocampus of subject NDRI-64415 was studied in our group’s prior work
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on histology-derived annotation of the hippocampal subfields (Adler et al., 2014). In total,
four of the individuals studied here had the diagnosis of AD confirmed on autopsy, while
those of the 12 others were found to have no abnormal neuropathology. The NDRI subjects (five male and eight female) had a mean age of 79 years (stdev. 8 years) at time of
death; laterality of all subjects was unknown. Table 4 summarizes the data pertaining to
all subjects.
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•
•
•
•
•
•

AD

AD

AD
AD

none

none

none

none

none
none
none

none

none

N/A

N/A

N/A

Pathology
R
L
R
L
R
L
R
L
R
R
L
L
L
R
L
R
L
R
L
R
L
L
L
R
L
R

Side
4000
5000
5000
5000
5000
5000
5000
5000
5000
4000
4000
4000
4000
4000
4000
4000
4000
4000
4000
4000
5000
4000
4000
4000
4000
4000

TR (ms)
26
26
26
26
26
19
23
21
23
21
21
21
21
21
21
21
21
21
21
21
23
21
21
21
21
21

TE (ms)
34
36
40
225
45
6
48
68
30
40
40
36
40
40
40
40
40
40
40
40
80
40
40
40
40
40

Averages

Voxel Size (mm)
0.30 × 0.20 × 0.20
0.30 × 0.20 × 0.20
0.30 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.30 × 0.20 × 0.20
0.40 × 0.40 × 0.40
0.16 × 0.16 × 0.16
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20
0.20 × 0.20 × 0.20

Dimensions
350 × 256 × 120
280 × 300 × 130
280 × 300 × 130
200 × 400 × 130
240 × 300 × 130
120 × 320 × 120
200 × 500 × 128
170 × 400 × 128
160 × 500 × 128
170 × 400 × 120
170 × 400 × 120
170 × 420 × 120
170 × 420 × 120
170 × 420 × 120
170 × 460 × 128
170 × 420 × 128
170 × 420 × 120
180 × 410 × 120
170 × 420 × 128
170 × 480 × 120
150 × 500 × 128
170 × 420 × 128
170 × 420 × 128
170 × 420 × 128
170 × 420 × 120
170 × 420 × 128
13:13
14:00
15:33
62:30
15:00
01:00
13:20
16:04
13:20
15:07
15:08
13:37
15:07
15:07
15:07
07:34
15:07
16:01
15:07
15:07
16:40
14:07
15:07
15:07
15:07
15:07

Acq. Time (h:m)

Table 4: Subject demographic data and whole-hippocampal MRI acquisition parameters

F

M

M
F

F

F

M

F

M
M
F

F

F

N/A

N/A

N/A

Sex

Pathology: evidence of neuropathology on autopsy
TR/TE: MR repetition/echo time
Averages: number of signal averages
Dimensions: image slice matrix size and slice count
Acq. Time: Total image acquisition time
Stitching: Whether the final image was stitched from two separate acquisitions.

Table key:

86

NDRI-65377

75

NDRI-65239

72

81

NDRI-65344

NDRI-65231

76
82
70

NDRI-64443
NDRI-64816
NDRI-65310

61
90

89

NDRI-64448

78

89

NDRI-64415

NDRI-64823
NDRI-65767

N/A

Penn003

NDRI-65298

N/A

Penn002

78

N/A

Penn001

NDRI-65240

Age

Subject ID

N
N
N
N
N
N
N
N
Y
Y
Y
Y
Y
Y
Y
N
Y
Y
Y
Y
N
Y
Y
Y
Y
Y

Stitching

Insight 70 mm
Insight 70 mm
Insight 70 mm
Insight 70 mm
Insight 70 mm
Insight 70 mm
Insight 70 mm
Insight 70 mm
Insight 70 mm
m2m 70 mm
m2m 70 mm
m2m 70 mm
m2m 35 mm
m2m 70 mm
m2m 35 mm
m2m 35 mm
m2m 35 mm
m2m 35 mm
m2m 35 mm
m2m 35 mm
Insight 70 mm
m2m 35 mm
m2m 35 mm
m2m 35 mm
m2m 35 mm
m2m 35 mm

Imaging Coil

3.2.1. Postmortem MR Imaging
Prior to imaging, each brain hemisphere was separated from the cerebellum and brain stem,
then a tissue sample was extracted that contained the intact, whole hippocampal formation.
All MR images were acquired on a 9.4 tesla, 31 cm horizontal bore Varian scanner (Agilent Technologies, Inc., Santa Clara, CA). A 70 mm inner diameter TEM transmit/receive
volume coil (Insight Neuroimaging Systems, Worcester, MA) was used to image the first
seven specimens acquired. These specimens were placed in leak-proof bags and wrapped
with plastic in order to fit snugly within the coil.
For the remaining 19 specimens (all acquired from the NDRI), we switched imaging protocols after obtaining customized 400 MHz quadrature transmit/receive mouse body coils
with 35 mm and 70 mm inner diameter (m2m Imaging, Cleveland, OH). The 35 mm coil
(with 80 mm long z field) offered improved contrast and signal-to-noise ratio compared to
the 70 mm coils. These 19 specimens were placed within a plastic cylinder and immersed
in a perfluoropolyether that yields almost no detectable MR signal in order to prevent susceptibility artifacts due to tissue-air interfaces. The cylinder was carefully agitated and
tapped to dislodge air bubbles trapped on the sample’s surface, then wrapped with foam
and fit snugly inside the coil. All samples were trimmed to measure no larger in diameter
and length than the dimensions of their respective imaging coils.
All protocols used a standard spin echo multi-slice (SEMS) sequence acquired along an
oblique slice plane parallel to the hippocampal longitudinal axis (the readout direction),
chosen so as to cover the formation with as few slices as possible. The phase encode direction
was from left to right. The majority of images were acquired with 0.2 × 0.2 × 0.2 mm
isotropic resolution, TR = 4 s, TE = 21 ms, and 40 signal averages. However, there were
deviations from this protocol in certain scans completed earlier in the course of our study.
Table 4 summarizes the specific imaging protocol parameters. Relatively long TR and
short TE times were chosen to account for the effects of long-term formalin fixation, which
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is known to cause reduction in T1 and T2 relaxation times in brain tissue (Blamire et al.,
1999; Dawe et al., 2009; Pfefferbaum et al., 2004; Yong-Hing et al., 2005). The images
displayed a combination of proton density (PD) and T2 contrast weighting. The number
of signal averages chosen depended largely on the amount of time allotted for the scans.
In subjects for which the hippocampus could not be covered by a maximum of 130 slices
that our protocols permitted, we performed two overlapping scans of approximately seven
to eight hours each that were then digitally stitched together.
Following acquisition, all images were intensity-normalized to correct for bias field nonuniformity using the N4ITK algorithm (Tustison et al., 2010). The algorithm was executed
at four resolution levels, with 50% downsampling between levels, and using a deconvolution
kernel with full width at half maximum of 0.15. Next, the intensity values of the biascorrected images were normalized by linearly stretching and clipping values from the range
[0.1%, 99.9%] (based on cumulative histogram value cutoffs) to fill the normalized range
[0, 1000]. All subsequent processing and registration steps were performed on the intensitynormalized images.

3.2.2. Histological Imaging
Eight of the hippocampus tissue specimens were sectioned and histologically processed along
their entire length, then digitally scanned at 20× power. The sectioned specimens are listed
in Table 5. In order to prepare the specimens for processing, each was cut into uniformly
spaced blocks of about 1 cm thickness. The cuts were made along approximately coronal
sections oriented perpendicular to the hippocampus longitudinal axis. These blocks were
then imaged using 0.2 mm3 isotropic SEMS MRI sequences similar to those used for the
whole, intact hippocampus samples: TR = 4 s, TE = 23–24 ms, and 24 signal averages. The
tissue blocks were placed in cassettes and immersed in the low-MR signal perfluoropolyether
compound prior to imaging. The block imaging served as an intermediate modality to guide
subsequent histology reconstruction and co-registration with the whole-hippocampus MRI.
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Next, the blocks were embedded in paraffin and sectioned parallel to the coronal block face
plane with 200 µm slice spacing (so as to match MRI resolution) and either 5 µm thickness
(subjects NDRI-64415, 64443, 64823, 65239, and 65344) or 7 µm thickness (subjects NDRI65240 and 65767). The sections were then histochemically stained using the Klüver-Barrera
method (luxol fast blue counterstained with cresyl violet), rendering the granular Nissl
substance in neuronal cell bodies as dark violet, cytoplasm as bright blue-violet, and myelin
in axons as blue-green. The slides were scanned and digitized at 0.5 µm/pixel resolution
with an Aperio ScanScope CS system (Aperio Technologies, Inc., Vista, CA).
Subject ID/side

Number of slides

NDRI-64415/L
NDRI-64415/R
NDRI-64443/R
NDRI-64823/L
NDRI-65239/R
NDRI-65240/R
NDRI-65344/L
NDRI-65767/L

180
172
160
82
200
156
129
99

Table 5: List of specimens processed for histology and the number of slides acquired per
specimen that were digitally scanned

3.3. Postmortem MRI Atlas Generation
Our approach to MRI atlas building generally followed the framework laid forth by Guimond et al. (2000), and furthered by numerous researchers since (e.g. Avants and Gee
(2004); Christensen et al. (2006); Joshi et al. (2004); Seghers et al. (2004)), in generating a
synthetic template image together with a set of transformations that map the template to
the input images with minimal total deformation cost. However, the standard groupwise
registration framework presented in these studies, consisting of intensity-based registration
to an iteratively updated image average, did not give satisfactory results on our dataset due
to large and complex inter-subject anatomical variations (e.g. bending about the hippocam58

pus longitudinal axis, number and size of digitations, curvature of the SRLM, presence of
fluid-filled spaces, and shape of the head and tail regions). These variations were more pronounced in our high-resolution, high-contrast postmortem images than in those acquired in
in vivo MRI. Additionally, our images displayed a broad range of intensity characteristics,
which may be partly attributable to differences between the imaging sequences that we
employed, in addition to susceptibility artifacts, varying degrees of postmortem fixation,
and varying degrees of pathology and atrophy of the tissues. While it is true that whole
brain imaging also contains such variations, they are more pronounced in focal images of
the MTL region.
The standard method of initializing groupwise registration using affine transformations,
even with anatomical landmarks, failed to account for hippocampal shape variability. We
instead used a more advanced initial alignment technique that fits a shape-based coordinate
system to a segmentation of the hippocampus boundary, as was first presented in Yushkevich
et al. (2008). However, even this initialization failed to precisely align internal features. The
initial template image revealed these limitations through bifurcation of structures, ghosting
artifacts, and blurring of details present in the original subject images. Thus, we introduced
a second level of geometrical alignment based on extraction and matching of the SRLM dark
band. This chapter focuses on atlas generation and used a manual segmentation protocol
of SRLM and the hippocampus. However, in Section 3.3.5 we demonstrate feasibility of
labeling these structures automatically. A third stage using intensity-based normalization
was applied in order to co-register residual differences not captured by the two shape-based
stages.
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3.3.1. Shape-Based Alignment using the Continuous Medial Model Representation

The initial co-registration of hippocampi could not be done based on MRI intensity alone
due to large variation among specimen shapes. Instead, we used the same medial modeling
approach as in our previous postmortem atlas work (Yushkevich et al., 2009, 2008). In
brief, the external gray matter boundary of the whole hippocampus (HC) was segmented in
each subject following the method described in Appendix B.2. (Segmentations of HC from
MR images are shown in Figure 69.) Then, a deformable medial shape model template (a
continuous medial model representation, or “cm-rep”) was matched to each segmentation,
as depicted for one subject in Figure 16. The fitted models established a mapping between a
common 3D reference space and the interior of each HC segmentation. The reference space
was parameterized by coordinates (u, v) defined on the medial manifold and by a coordinate
ξ along radial spokes emanating from the medial manifold towards the cm-rep boundary.
The geometric correspondences between the fitted models were averaged and used to map
intensity values of the hippocampus images into a common mean cm-rep reference space.
The resulting aligned images retained the intensity information of the input images, but
with greatly reduced variability in the pose and overall shape of the hippocampus. We refer
to the average of the aligned MR images as the mean cm-rep template, denoted by Iˆcmrep .
The spatial transformations between Iˆcmrep and the input MR images Ii (i = 1 . . . 26) is
denoted by ψicmrep . Please refer to Appendix B.1 for additional details regarding alignment
using the cm-rep method.
As shown in Figure 17 below and in Figures 73 and 74 of Appendix B.4, cm-rep model fitting
factored out most linear and gross shape variations between hippocampal boundaries, such
as differences in position, rotation, scale, torquing, and bending. However, the method did
not account for complex internal and external hippocampal variations, as was particularly
evident when comparing shapes of the SRLM, the pes hippocampi in the head, and the
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Figure 16: Template cm-rep model deformed to fit a target right-sided control subject hippocampus boundary: (A) target hippocampus boundary; (B) deformed cm-rep boundary
surface, colored by radial spoke coordinate ξ; (C, D) views of deformed cm-rep medial surface, colored by u coordinate; cm-rep medial surface rendered within the cm-rep boundary
and colored by medial manifold coordinates (E) u and (F) v.
dentations along the DG between subjects. Large shape variations are evident in Figure 17,
which shows coronal sections of the hippocampal head extracted at the same position in
all subject images following their warping by ψicmrep to the mean cm-rep reference space.
The degree of residual variation in the shape of SRLM and HC in cm-rep reference space is
shown by fractional overlap of the binary masks; the variation is also quantified in Tables 13
and 15.
The cm-rep method did not rely on MRI intensity and therefore all image features internal to
HC remained misaligned. This is clear upon inspection of the misaligned laminar structures
within the deformed images in Figure 17. In cm-rep model fitting, local medial mesh area
distortion was minimized in order establish a degree of geometric correspondence between
images. However, despite this constraint on deformation, there was no imposition of specific
anatomical correspondence among subjects for points interior to the cm-rep boundary, such
as through the use of point landmark or surface matching.
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Figure 17: Subject MR images deformed following groupwise registration using the cm-rep
model fitting method: (A) coronal cross-sections at the same level of the hippocampal
head in the mean cm-rep reference space; fractional overlap of all (B) HC and (C) SRLM
segmentation masks mapped to the mean cm-rep reference space, with 0.0 and 1.0 denoting
no overlap and maximal overlap of all masks, respectively. This illustrates a failure of the
cm-rep model fitting method in aligning internal structures.
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3.3.2. Shape-Based Alignment using SRLM and Hippocampal Surface Correspondences

The method of cm-rep modeling recovers gross shape differences between hippocampi, but
internal structures and prominent surface features remain misaligned. As presented in
the evaluation of our groupwise registration approach (Section B.4), intensity-based normalization following the cm-rep alignment stage still proves insufficient. In the second
stage of groupwise registration, we therefore refine anatomical correspondences in mean
cm-rep reference space by incorporating explicit matching of the SRLM, as well as through
spherical parameterization of the hippocampus surface. This spherical parameterization is
propagated to fill the whole hippocampal volume and also incorporated into a groupwise
diffeomorphic registration framework.
The SRLM is a visually prominent two-dimensional (2D) sheet-like scaffold surface that
extends the length of the hippocampus, as shown in Figure 18. The SRLM is a critical
landmark in our registration method, as it effectively separates the gray matter of CA and
DG. Understanding the shape of the SRLM is important to understanding the overall structure of the hippocampus, which, as Duvernoy (2005) points out, consists of essentially the
same laminar structure in its head, body, and tail sections. Thus, in coronal sections of the
body, the SRLM is approximately ‘C’-shaped with a medial-facing concavity surrounding
DG. Due to its longitudinal curve, the laminar structure seen in sagittal sections of the
hippocampal head (in which the SRLM underlies the prominent digitations of the pes hippocampi) and tail bears resemblance to that in coronal sections of the body. Appendix B.3
provides details regarding the segmentation of SRLM, which, as shown in Figure 71 for the
studied subjects, is a 2D sheet with intricate curves along roughly anterior-posterior course.
We geometrically defined the hippocampus volume to comprise every point in SRLM, HC,
and in between these two boundaries.
As in cm-rep modeling, we proceeded by parameterizing the hippocampus volume with three
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Figure 18: MR image of right-sided hippocampus from a control subject shown in (A) axial, (B) sagittal, and (C) body coronal sections; (D, E, F) corresponding sections with
segmentation of the SRLM (in blue) and HC (in yellow) surfaces overlaid; and (G) 3D
renderings of SRLM and HC segmentations.
coordinates, denoted by (ρ, θ, φ), where ρ is a depth-like coordinate between the SRLM and
HC, and where, as discussed in Section 3.3.2.1, θ and φ are angles of latitude and longitude
in the spherical parameterization of the hippocampus surface.
Mathematically, we defined ρ as the solution of the Laplace equation for all points x in the
hippocampal volume, with constant Dirichlet boundary conditions specified on the SRLM
and HC anatomical surfaces. In order to generate smooth parameterizations over the entire
domain of the MRI, a third boundary condition was imposed on the six image boundary
planes of the image domain:
∇2 ρ(x) = 0,
ρ(x) = −1, for x ∈ ∂(SRLM),
(3.1)
ρ(x) = 1, for x ∈ ∂(HC),
ρ(x) = 2, for x ∈ ∂(MRI),
where ∂(SRLM) and ∂(HC) denote the closed boundaries of SRLM and HC, and where
∂(MRI) denotes the MRI boundary planes. These three boundary surfaces are spherical
(genus-zero) topology shells of single voxel thickness. Because the SRLM is wholly contained within HC, ρ(x) for x ∈ [−1, 1] can be conceptually regarded as the electric potential
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field within a capacitor of spherical topology at steady state, containing a spatially uniform
dielectric, and with fixed internal and external terminal potentials of −1 and 1 volts. From
the maximum principle of harmonic functions, the minimum and maximum potential values
of ρ(x) within the hippocampus are attained only on the SRLM and HC boundaries, respectively; ρ(x) is guaranteed to have no other local minima or maxima within this region. Since
ρ varies smoothly along electric field lines between SRLM and HC, it is a curved analogue
to the cm-rep distance coordinate ξ that is defined along straight radial spokes between the
cm-rep medial manifold and the external hippocampal boundary. We note that a similar
mathematical formulation to ours with the Laplace equation has been used for estimating
cortical thickness given boundary constraints at the inner and outer cortical sheets (Jones
et al., 2000).
We numerically solved Equation 3.1 using the method of successive over-relaxation over the
cm-rep reference space domain (0.2 mm3 isotropic resolution with 150 × 200 × 400 voxels
in the axial, sagittal, and coronal directions, respectively). Convergence was based on a
tolerance of 10−6 for the norm of the difference between solutions on successive iterations.
As the function ρ(x) is harmonic, its equipotential level sets

Lc (ρ) ≡ {x : ρ(x) = c}, c ∈ [−1, 2]

(3.2)

are closed, genus-zero surfaces for which the unit sphere offers a logical parameterization
domain. They also have the property that Lc0 (ρ) wholly encloses Lc (ρ) for c < c0 . In the
following text, we abbreviate the level sets as Lc ≡ Lc (ρ).
In particular, let us identify level set L0 = {x : ρ(x) = 0} as the “mid-potential” surface of
the hippocampus, which lies wholly between SRLM (i.e. L−1 ) and HC (i.e. L1 ). (Figure 19
shows the SRLM, HC, and derived L0 surfaces for one subject.) We then define (θ(x), φ(x)),
for x ∈ L0 , to be a spherical parameterization of L0 . That is, given a continuous bijection
f : L0 → S 2 ⊂ R3 between the mid-potential surface and the unit sphere, θ(x) and φ(x)
(for x ∈ L0 ) are the inclination and azimuthal angles, respectively, of f (x). We detail our
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spherical parameterization method in the next section.

Figure 19: Anatomical surfaces of a right-sided hippocampus of a control subject:
(A) SRLM (in blue), mid-potential L0 (in green), and HC (in yellow) surfaces; (B) potential gradient ∇ρ streamlines computed between SRLM and HC, colored by potential
value.

3.3.2.1. Spherical Surface Parameterization
Hippocampal shape has been modeled in the literature primarily by means of its external
surface features. We found it most appropriate to focus on the shape of the mid-potential
surface L0 , which, as demonstrated in Figures 19 and 72, simultaneously captures the
signature digitations, folds, and curves of the internal SRLM scaffold and the exterior HC,
yet with a shape that smoothly interpolates both. In one sense, L0 can be viewed as
a “mean” of the SRLM (L−1 ) and HC (L1 ) surfaces, as is indeed the case for simpler
geometries. In fact, the mid-potential surfaces of idealized capacitors with cylindrical and
spherical shapes can be shown to have radius equal to the respective geometric and harmonic
means of the radii of the given capacitor terminals. In general, we observe that L0 lies closer
to the boundary with higher curvature, namely SRLM, which is consistent with the above
analogies.
The spherical parameterization f : L0 → S 2 was constructed based upon a diffeomorphic
potential gradient flow mapping between L0 and its minimum volume enclosing ellipsoid
(MVEE). The domain of f consisted of the vertices of the mesh of L0 , generated from
the scalar field ρ(x) using the Marching Cubes algorithm (Lorensen and Cline, 1987). The
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MVEE is the tri-axial ellipsoid of minimum volume and arbitrary spatial orientation that
entirely encloses the vertices of L0 ; it is uniquely defined and may be seen as a tight, quadric
approximation of L0 that, being the affine image of S 2 , has a trivial spherical parameterization (Welzl, 1991). The MVEE of L0 was computed using Khachiyan’s method (Todd
and Yıldırım, 2007). The resulting surface is expressed as
MVEE ≡ {y ∈ R3 : (y − u)> A(y − u) = 1},

(3.3)

where u ∈ R3 is the ellipsoid’s center and A is a symmetric positive definite matrix whose
eigenvectors define its principal axes.
Next, the Laplace equation was solved over the discretized image domain, with fixed conditions on the boundary of L0 and the MVEE:
∇2 τ (x) = 0,
τ (x) = 0, for x ∈ ∂(L0 ),

(3.4)

τ (x) = 1, for x ∈ MVEE
The computed potential τ (x) for one subject is shown in Figure 20. The field ∇τ (x) was
then integrated along its non-intersecting gradient field lines (or streamlines) from L0 to
the MVEE in order to construct a gradient flow mapping g between the vertices of L0 and
their corresponding end points on the MVEE:

g : x0 ∈ L0 7→ y ∈ MVEE

(3.5)

Introducing time integration variable t, mapping g was computed by solving the initial value
problem
ẋ(t) = ∇τ (x(t)),
(3.6)
0

x(t ) = x

0
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from t = t0 until time t1 such that y ≡ x(t1 ) reached the ellipsoid boundary: (y − u)> A (y −
u) = 1. The gradient field was numerically integrated using the fourth-order Runge-Kutta
method.

Figure 20: Right-sided hippocampus MR image and corresponding potential function τ
(solution of Equation 3.4), both masked by the minimum volume enclosing ellipsoid (MVEE)
of the mid-potential surface L0 , shown in (A) axial, (B) coronal, and (C) sagittal crosssection.

Lastly, the coordinates of the streamline end points on the MVEE were mapped to the
unit sphere. Let A = V DV > be the decomposition of the ellipsoid matrix A into matrix V of eigenvector columns (i.e. the principal axis directions) and diagonal matrix
D = diag(1/a2 , 1/b2 , 1/c2 ) of eigenvalues (the squared reciprocals of the semi-principal axis
lengths a, b, c). For consistency in parameterization, the eigenvector columns of V of were
arranged in decreasing order of the semi-axis lengths: a > b > c. The affine transformation
z ≡ V > (y − u) was applied to map each y ∈ MVEE into the ellipsoid’s local principal
axis coordinate system. The spherical angles were then computed according the canonical
ellipsoid parameterization:



a cos θ



z(θ, φ)> = 
 b sin θ sin φ

c sin θ cos φ







(3.7)

That is, θ = arccos (z 1 /a) is the inclination angle (0 ≤ θ ≤ π) and φ = arctan((z 2 /b)/(z 3 /c))
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is the azimuthal angle (−π ≤ φ ≤ π).
Figure 21 depicts the spherical parameterization of the L0 surface of one subject rendered
within its MVEE, demonstrating that the MVEE captures the overall dimensions and orientation of the mid-potential surface.

Figure 21: Superior and inferior views of the mid-potential surface L0 of one subject, rendered within its minimum volume enclosing ellipsoid (MVEE), and colored by its spherical
parameterization angles: (A, B) inclination angle θ and (C, D) azimuthal angle φ.
Figures 22 and 23 compare the parameterizations of four different subjects. As shown in
Figure 24, in which the distances traveled along the streamlines from L0 to the MVEE
are rendered (following normalization to the range [0, 1]), this parameterization method
effectively “inflates” L0 to fill the ellipsoid boundary.
We note that diffusion gradient maps were also used by both Chung et al. (2010) and
Gupta et al. (2013) in order to compute spherical surface parameterizations. The former
study used a spherical enclosing boundary (rather than an ellipsoid) and approximated the
solution to the initial value problem defined in Equation 3.6. The latter study computed the
parameterization by integrating along streamlines to a centrally located point sink within
the volume of interest.
In an analogous fashion to the mesh inflation method used in this study, a mesh of the unit
sphere may be mapped to L0 by “shrink-wrapping” the MVEE around L0 by integrating
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Figure 22: Mid-potential surfaces of hippocampi from different subjects colored by spherical
inclination angle θ: (A) superior and (B) inferior views of corresponding meshes.

Figure 23: Mid-potential surfaces of hippocampi from different subjects colored by spherical
azimuthal angle φ: (A) superior, (B) inferior, and (C) anterior views of corresponding
meshes.
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Figure 24: Superior and inferior views of the (A, D) mid-potential surface (L0 ) and (B,
E) minimum volume enclosing ellipsoid (MVEE) of one subject: surfaces are colored by the
logarithm of streamline distance from SRLM to MVEE (normalized to range [0, 1]). (C,
F) Streamline distance is also mapped from L0 to the unit sphere using the gradient flow
mapping defined by Equations 3.5 and 3.7.
along the streamlines of the field −∇τ (x). Indeed, this method could be used to virtually
flatten the hippocampus, as demonstrated in Figure 25. In this application, a spherical
mesh with vertices initialized over a uniformly sampled 128 × 128 latitude-longitude grid
was mapped to the ρ(x) = 0 equipotential surface. This example demonstrates visually that
our method generates geometrically meaningful and intuitive spherical parameterizations
of the hippocampus mid-potential surface.

3.3.2.2. Volumetric Extension of Spherical Parameterization
Since ρ(x) is a harmonic (and hence smooth) function, its gradient flow admits a diffeomorphism
hc,c0 : Lc → Lc0

(3.8)

between any two equipotential surfaces, where −1 ≤ c < c0 ≤ 2. This diffeomorphism is
constructed by tracking along the streamlines of ρ(x), in much the same manner as described
above for the function g : L0 → MVEE.
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"
Figure 25: Equirectangular flat map projections of 25 hippocampal MR images at the level
of the mid-potential surface L0 : the vertical and horizontal axes correspond to constantly
spaced meridians θ ∈ [0, π] and circles of latitude φ ∈ [−π, π], respectively.
For x0 ∈ Lc , the diffeomorphism is computed by solving the initial value problem
ẋ(t) = ∇ρ(x(t)),
(3.9)
x(t0 ) = x0
The equation is solved from t = t0 until time t1 such that ρ(x(t1 )) = c0 . The diffeomorphism
is then given by hc,c0 (x0 ) = x(t1 ). Stated otherwise, the potential gradient vector field ∇ρ(x)
(or its negation, if instead one chooses c > c0 ) is integrated along the potential field line
containing x0 towards the end point hc,c0 (x0 ) ∈ Lc0 . We note that the field lines intersect all
equipotential surfaces at right angles. Using the diffeomorphism g, we are able to extend the
spherical parameterization of surface L0 to any other level set and hence obtain a smooth
parameterization (ρ(x), θ(x), φ(x)) of the entire MR image, where −1 ≤ ρ(x) ≤ 1 within
the hippocampal volume and 1 < ρ(x) ≤ 2 from HC to the image domain boundary.
In order to obtain dense volumetric extensions of θ(x) and φ(x), which are defined on
the vertices of the triangular mesh of L0 , we numerically computed the inverse of h in
Equation 3.8. As such, one streamline was integrated from each voxel x in the image
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domain until intersection with a triangle of the mesh. Voxels were assigned the bilinearly
interpolated spherical angles of the intersected triangle mesh vertices. Numerical integration
was done using the fourth-order Runge-Kutta method. In order to accelerate computations,
a k-d tree was used for nearest-neighbor vertex searching and the algorithm of Möller and
Trumbore (1997) was used to determine streamline-mesh intersections.
In solving Equation 3.6 (the initial value problem used for computing the spherical parameterization of the L0 mesh), it was observed that streamlines emanating from neighboring
vertices at regions of high curvature on L0 diverged spatially from one another more than
streamlines from vertices at regions of low curvature. This divergence is due to high curvature regions behaving similarly to electrical point or line sources in the field τ (x). As a
result, two vertices x0 and x00 sharing a given triangle edge in L0 could map to points g(x0 )
and g(x00 ) on the MVEE with greatly differing spherical angles, even for edges of length less
than the MRI voxel dimension (0.2 mm). For instance, there is an obvious seam-like jump
in the spherical parameterization of L0 along the medial hippocampal edge (Figure 26(A)).
The consequence of such coarseness in the spherical parameterization of L0 is inaccurate
volumetric extension of the spherical angles via Equation 3.9: Following intersection of the
streamlines with L0 , bilinear interpolation is performed on triangles whose vertices map to
very different points on the sphere.
In order to mitigate the effects of this divergence in the mapping to the MVEE, and
hence to ensure high-quality spherical parameterization and accurate volumetric extension to the image domain, an adaptive mesh subdivision scheme was applied to L0 . If
the spherical parameterizations f (x0 ) = (θ, φ) and f (x00 ) = (θ0 , φ0 ) of adjacent vertices
x0 and x00 , respectively, of a triangle of L0 differed in great-circle distance ∆(x0 , x00 ) =
arccos (sin θ sin θ0 + cos φ cos φ0 cos (θ − θ0 )) by more than five degrees on the unit sphere,
then the triangle was linearly subdivided by bisecting each of its three edges. The three
new vertices were then streamed towards the MVEE (Equation 3.5). This procedure was
iterated over the whole mesh until ∆(x0 , x00 ) < 5 degrees for all adjacent vertices. Fig-
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ure 26 illustrates the results of adaptive linear subdivision on two regions of high streamline
divergence in the L0 mesh of a hippocampus.

Figure 26: Adaptive linear subdivision on the L0 mesh of a hippocampus specimen: (A)
Full mesh colored by spherical longitude angle φ, with zoomed in views of two regions of
high streamline divergence (B, C) and (D, E) along the medial edge.
Figure 27 depicts this extension of L0 surface angles to the hippocampal volume. It can
be seen that our method naturally imbues the domain with a parameterization that can be
used to obtain correspondences between images based upon matching of the SRLM and HC
boundaries (as a result of ρ) and spherical surface correspondences (from θ and φ). The
extension of L0 to the entire MRI domain is shown in Figure 28.
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Figure 27: Volumetric extensions of spherical angle maps of one subject to the whole hippocampal volume (−1 ≤ ρ(x) ≤ 1), shown in axial, sagittal, and coronal cross-section:
(A) MR image; (B) image overlaid with SRLM and HC segmentations; volumetric extensions of (C) potential map ρ, (D) spherical inclination angle map θ(x), and (E) spherical
azimuthal angle map φ(x).
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Figure 28: Volumetric extensions of spherical angle maps of one subject to the entire MR
image domain (−1 ≤ ρ(x) ≤ 2), shown in sagittal and coronal cross-section: (A) MR
image overlaid with SRLM and HC segmentations; volumetric extensions of (B) potential
map ρ(x), (C) spherical inclination angle map θ(x), and (D) spherical azimuthal angle
map φ(x).
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3.3.3. Groupwise Registration
=26
Let us denote the set of original input hippocampus MR images by {Ii }N
i=1 , where the

images Ii : Ωi ⊂ R3 → R may be defined on different discretized voxel domains Ωi .
Groupwise registration aims to construct an atlas consisting of a reference template image Iˆ : ΩR ⊂ R3 → R defined over a common domain ΩR , together with diffeomorphic
transformations ψi : ΩR → Ωi between the template and the input images. The template is
constructed so as to capture both average tissue intensity and average shape characteristics
of the images. The transformations express anatomical correspondences between images,
so that point x ∈ Ωi in image Ii corresponds to point x0 ∈ Ωj in image Ij if and only if they
map to the same point in the atlas: ψi−1 (x) = ψj−1 (x0 ).
Our atlas was constructed in three sequential groupwise diffeomorphic registration stages:
1. Shape-based affine alignment and deformable registration using cm-rep modeling (Section 3.3.1);
2. Shape-based deformable registration using the potential and surface parameterization
maps (ρ, θ, φ) (Section 3.3.2);
3. MRI intensity-based deformable registration.
We use the notations listed in Table 6 to refer to the atlas template-deformation pairs
resulting from cumulative application of steps 1, 2, and 3 above.
Atlas notation

Methods used for co-registration

(Iˆcmrep , {ψicmrep })
(Iˆshape , {ψishape })
ˆ {ψi })
final atlas: (I,

(1) cm-rep modeling only
(1) cm-rep modeling + (2) all shape maps (ρ, θ, φ)
(1) cm-rep modeling + (2) all shape maps + (3) MRI intensity

Table 6: Summary of methods used to generate atlas template-deformation pairs from
postmortem MRI
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3.3.3.1. Registration using cm-rep Modeling
The initial reference template was computed as the voxel-wise mean of the original input
images deformed through the transformations ψicmrep derived by cm-rep modeling fitting to
the hippocampus boundaries, as discussed in Section 3.3.1:

Iˆcmrep =

N
X

Ii ◦ ψicmrep

(3.10)

i=1

All subsequent registration steps were carried out on the images Ii ◦ ψicmrep deformed to the
mean cm-rep reference space of the cm-rep template image, whose voxel domain is denoted
by ΩR .

3.3.3.2. Registration using Potential and Spherical Parameterization Maps
The goal of the second stage of groupwise registration was to both recover residual shape
differences between images and to match the SRLM and HC surfaces in the atlas: This
stage used an iterative shape-averaging strategy based on matching of the surface potential
and spherical parameterization maps {(ρi , θi , φi )}N
i=1 . Although the parameterization maps
already defined shape correspondences between the images, this groupwise registration strategy offered a way to regularize the correspondences and to achieve atlas transformations
with minimum total deformation energy to all images.
We applied an established unbiased population template building approach for registering
all subjects to an iteratively evolving average image (Avants and Gee, 2004; Guimond et al.,
2000; Joshi et al., 2004). The transformations ψishape : ΩR → ΩR for surface correspondence
were simultaneously optimized by iterating the following pair of steps:
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1. Computation of the voxel-wise average shape maps at iteration k ≥ 0:

ρ̂k (x) =

N
X

ρi (ψishape,k (x))

i=1

θ̂k (x) =
φ̂k (x) =

N
X

θi (ψishape,k (x))

i=1
N
X

(3.11)
!

sin (φi (ψishape,k (x)))

i=1

/

N
X

!
cos (φi (ψishape,k (x)))

,

i=1

where we initialized ψishape,k=0 (x) = ψicmrep (x) for all i and x ∈ ΩR .
2. Updating of the atlas transformations using diffeomorphic registration:
ψishape,k+1 = arg min αρ (ρ̂k − ρi ◦ ψ)
ψ∈Diff(ΩR )

αθ (θ̂k − θi ◦ ψ)

2
L2

+

2
L2

+

k

αφ (cos φ̂ − cos (φi ◦ ψ))
αφ (sin φ̂k − sin (φi ◦ ψ))

(3.12)
2
L2
2
L2

+

+ r(ψ) ,

where Diff(ΩR ) is the space of diffeomorphic transformations on the image domain, r(ψ)
is a spatial regularization term, and αρ , αθ , and αφ are positive metric weighting factors.
The atlas template image is generated as the mean of all images deformed using the final
shape-based groupwise registration transformations:

Iˆshape =

N
X

Ii ◦ ψishape

(3.13)

i=1

Equation 3.12 was implemented by co-registering all maps to their respective mean templates via a greedy iterative algorithm using a diffeomorphic transformation model (Avants
and Gee, 2004; Avants et al., 2008b). This groupwise registration strategy constructs synthetic templates that can be nonlinearly registered to each input map with minimal total
deformation. We note that the spherical angle map φ was decomposed into cosine and sine
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components in order to avoid the discontinuity at meridian φ = ±π during registration.
An experimental accelerated, non-symmetric implementation of the greedy diffeomorphic
registration algorithm SyN of the Automated Normalization Tools (ANTs) package (Avants
et al., 2008b) was used to compute the transformations ψishape,k+1 between the average and
warped maps at each iteration k. The deformation fields computed at iteration k > 0 in the
second optimization step were initialized with the fields computed in the previous iteration.
The algorithm was determined to converge to a stable set of transformations after five
iterations. Constant relative metric weights of αθ = αφ = 0.2αρ were used, so as to yield
approximately equal weighting contributions of the metric gradients during optimization.
Registrations were done at four resolution levels, with 200, 100, 50, and 20 iterations from
the lowest through the highest resolutions, respectively. Regularization was implemented
by smoothing the gradient update and the overall gradient fields with Gaussians of standard
deviation 0.3 mm and 0.1 mm, respectively.

3.3.3.3. Registration Refinement using MRI Intensity
In the last stage of groupwise registration, MRI intensity was used to refine atlas correspondences with the goal of recovering residual intensity variations that were not captured
by matching SRLM and HC shape features. Registrations were performed on the images aligned following the prior stage (Section 3.3.3.2) and followed a scheme analogous to
that presented in Equations 3.11 and 3.12. Diffeomorphic registrations were performed between images using the normalized cross-correlation (NCC) similarity metric (Avants et al.,
2008b), which was robust to intensity variation. The initial reference template was constructed as the mean of all images deformed using the final shape-based transformations.
At iteration k ≥ 0, the evolving template is computed as

Iˆk (x) =

N
X

Ii (ψik (x)),

i=1
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(3.14)

where ψik=0 (x) = ψishape,k=5 (x) for initialization. The mean template was used as the
target to which images were registered in the subsequent iteration; NCC was computed
over a mask of the hippocampus region using a moving window with 2 × 2 × 2 voxel radius.
Registrations were done at three resolution levels (100, 100, 50 iterations from lowest to
highest resolutions) with gradient field update and total field smoothing using Gaussians of
standard deviation 0.6 mm and 0.2 mm, respectively. Intensity-based groupwise registration
was determined to converge to a stable set of transformations ψi and template Iˆ after five
iterations:
Iˆ =

N
X

Ii ◦ ψi

(3.15)

i=1

As in Equation 3.11, we defined the atlas shape maps to be the voxel-wise averages of the
aligned subject maps:

(ρ̂, θ̂, φ̂) =

N
X

(ρi ◦ ψi , θi ◦ ψi , φi ◦ ψi )

(3.16)

i=1

Figure 29 shows the SRLM, mid-potential, and HC surfaces extracted at the −1, 0, 1 isopotential level sets of ρ̂.

Figure 29: Superior and inferior views of the (A) hippocampus, (B) mid-potential, and
(C) SRLM surfaces derived from the final postmortem hippocampal template potential
map ρ̂.
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3.3.4. Evaluation of Groupwise Registration Strategies
In this section, we present visual and quantitative comparisons the groupwise registration
strategies described in the previous sections, in addition to results of analysis of the subject
images following mapping to atlas space. In order to comparatively evaluate our groupwise registration, we generated two additional atlases based on modified strategies that are
summarized in Table 7:
Atlas notation

Methods used for co-registration

(Iˆintensity , {ψiintensity })
(Iˆpotential , {ψipotential })

(1) cm-rep modeling + (3) MRI intensity
(1) cm-rep modeling + (20 ) potential maps

Table 7: Summary of methods used to generate evaluation atlas template-deformation pairs
from postmortem MRI. Registration using potential maps only (step 20 ) is a modification
of the registration strategy referred to earlier as step 2 (Section 3.3.3), which used all shape
maps.
The “intensity-only” test atlas, denoted by the pair (Iˆintensity , {ψiintensity }, was generated
using only cm-rep modeling (referred to in Section 3.3.3 as step 1) and MRI intensity
registration (step 3)—that is, without use of shape maps (step 2). Intensity-based groupwise
registration was performed in the cm-rep reference space, with initialization using the cmrep deformations {ψicmrep }. The NCC metric and identical parameters were used as stated
in Section 3.3.3.3.
The second test atlas, denoted by (Iˆpotential , {ψipotential }), was generated using the surface
potential functions ρ(x) alone—no spherical angle maps or MRI intensities were used. Registrations used the same parameters as in Section 3.3.3.2, and the iterative scheme was
identical to that of Equations 3.11 and 3.12, but ignoring contributions from the spherical
angle terms (i.e.: αρ = 1 and αθ = αφ = 0).
The four template images generated using cm-rep model fitting, intensity normalization
only, the shape functions, and the final (combined) method are visually compared in Figures 30 and 31. Figures 75, 76, and 77 in Appendix B.4 show the images of 25 subjects
82

following warping to the mean cm-rep and the final reference spaces.

Figure 30: Comparison of template images, shown in axial, coronal, and sagittal crosssection, generated from four groupwise registration methods, as defined in Tables 6 and 7:
(A, C, E) cm-rep model fitting only: Iˆcmrep ; (B, D, F) cm-rep model fitting + MRI intensity matching: Iˆintensity ; (G, I, K) cm-rep model fitting + matching of shape maps: Iˆshape ;
(H, J, L) final template generated by cm-rep model fitting + matching of shape maps +
ˆ
MRI intensity matching: I.
As shown in Figure 30 (A, C, E), using cm-rep model fitting alone in order to align the
subject images resulted in a template image Iˆcmrep with blurred anatomical boundaries and
ghosting of structures; these artifacts are most apparent on the coronal section in (C). This
result is expected, as cm-rep model-based alignment was based driven entirely by external
hippocampal surface shape matching.
Performing intensity-based registration following cm-rep alignment yielded template Iˆintensity ,
shown in Figure 30 (B, D, F), with greater SRLM contrast, but still exhibiting ghosting.
Intensity-based registration was able to locally align image features between pairs of subjects, but it could not account for global shape. When cm-rep alignment was instead followed
by shape-based registration to yield template Iˆshape , shown in (G, I, K), SRLM contrast
was good, but artifacts were still apparent due to misalignment of structures not captured
by the shape maps. Compared to the intensity-based method alone, shape-based alignment
appears to capture a more accurate and average SRLM shape, particularly in the anterior
hippocampal head. Performing intensity-based registration following shape-based registration (H, J, L) resulted a high-contrast template Iˆ that exhibited almost no artifacts. This
combined registration strategy improved upon both the intensity- and shape-only methods.
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Figure 31: Comparison of template images generated from the four methods studied: Iˆcmrep ,
ˆ Coronal sections are shown at the level of the hippocampal head (I,
Iˆintensity , Iˆshape , and I.
II, III, IV), body (V, VI, VII, VIII), and tail (IX, X).
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3.3.4.1. Alignment of MRI and Shape Maps in Atlas Spaces
We quantitatively evaluated the quality of correspondence between subjects in the five atlas
spaces (Tables 6 and 7) using several metrics of similarity between aligned images, shape
maps, masks, and surfaces. Figure 32(A), with corresponding numerical values given in
Table 12), shows mean pairwise NCC between the MR images Ii and mean pairwise MSE
between the shape maps (ρi , θi , φi ) of all specimens 1 ≤ i ≤ 26 following their mapping into
each atlas space. The MSE of the φ angle maps were computed as the average MSE of the
sin φ and cos φ components separately. The mean voxel-wise variance of the images and
shape maps were also computed: Table 13 presents the mean variance integrated over the
images and shape maps in the the template spaces.

(A)

(B)

Figure 32: Evaluation of alignment of hippocampal imaging data following mapping to the
atlas reference spaces, as defined in Tables 6 and 7: (A) Mean pairwise normalized crosscorrelation (NCC) between MR images (in blue) and mean squared error (MSE) between
shape maps ρ(x) (in green), θ(x) (in yellow), and φ(x) (in red); (B) mean pairwise Dice
similarity coefficient (DSC) between binary masks of SRLM (in blue), mid-potential L0 (in
green), and HC (in yellow) surfaces.
We emphasize that the highest mean pairwise NCC is achieved among images in the final
ˆ {ψi }), which was generated using a combined cm-rep model fitting, shape
atlas space (I,
map registration, and intensity-based groupwise registration strategy. The final atlas also
improves upon shape correspondence compared to the intensity-only method, as evidenced
by the lower mean pairwise MSE between shape maps (ρ(x), θ(x), φ(x)).
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Figure 32(B) (with corresponding numerical values given in Table 14 of Appendix B.4.2)
shows pairwise Dice similarity coefficient (DSC) between binary masks of the SRLM, midpotential (L0 ), and HC surfaces of all subjects following their mapping into the five atlas
spaces. The masks were defined as 1 at voxels {x ∈ ΩR : −1 ≤ ρ(x) ≤ c}, where c = −1, 0,
and 1 for SRLM, L0 , and HC, respectively. For each pair of binary masks X and Y in atlas
space, the Dice similarity coefficient is defined as DSC(X, Y ) = 2|X ∩ Y | / (|X| + |Y |). The
mean variances of the binary masks mapped to the template spaces, and integrated over
the the HC region, are given in Table 15.
The highest mean pairwise DSC between the three surface masks is achieved with the shapebased registration methods. This result is expected, as these surfaces were explicitly aligned
using the shape-based strategy. While DSC is lowered upon intensity-based refinement,
improvement in DSC is seen in the final atlas compared to the intensity-only method.
We note that the metrics of mean pairwise NCC, MSE, and DSC presented are biased
towards specific groupwise registration methods. Thus, it is expected that the values of
mean pairwise MSE between shape maps are lowest using the potential-only and shapebased methods. Likewise, it is expected that mean pairwise DSC is highest for these two
methods. A key result to note is that the final, combined shape and intensity groupwise
registration strategy improves upon all other strategies with respect to intensity similarity.
This implies that the shape-based registration steps helped to initialize intensity-based
registration.

3.3.4.2. Alignment of Surface Meshes in Atlas Spaces
Complementary to the above evaluations, we also measured the degree to which the atlas
transformations were able to align the SRLM, L0 , and HC surfaces between subjects. These
evaluations were performed on meshes of the surfaces (shown in Figure 29) generated in
each atlas reference space at the −1, 0, and 1 iso-potential values of the warped potential
P
maps ρ̂ = N
i=1 ρi ◦ ψi .
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Figure 33 (with corresponding numerical values given in Tables 16, 17, and 18) present
binary DSC, 2-norm distance (d2 ), and Hausdorff distance (dH ) between all pairs of subject
surface meshes following warping to the five template spaces. Given meshes X and Y , the
unbiased 2-norm and Hausdorff mesh distances are defined as

d2 (X, Y ) = 0.5 


X

x∈X

arg minkx − yk2 +
y∈Y

X
y∈Y

(
dH (X, Y ) = max

arg minkx − yk2 
x∈X

)
sup inf kx − yk , sup inf kx − yk

x∈X y∈Y

y∈Y x∈X

(A)

(B)

(C)
Figure 33: Evaluation of alignment of meshes of SRLM (in blue), L0 (in green), and HC
(in yellow) surfaces in the five template spaces spaces: Mean pairwise (A) Dice similarity
coefficient (DSC) of binary mesh overlap; (B) 2-norm mesh distance (d2 ); (C) Hausdorff
mesh distance (dH ).
These results in Figure 33 recapitulate those shown for alignment of images and shape maps:
Improved surface alignment is observed using the shape-based methods in (Iˆpotential , {ψipotential })
ˆ {ψi }) diminishes
and (Iˆshape , {ψishape }). Intensity-based refinement in the final atlas (I,
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surface alignment compared to the shape-based methods, but it yields overall improved
alignment compared to the intensity-only method (Iˆintensity , {ψiintensity }).

3.3.5. Propagating Atlas Correspondences to New Subjects
To allow the extension of our atlas with new datasets as we and other researchers continue
to acquire postmortem imaging of the hippocampal region. Here, we describe how known
ˆ {ψi }) may be propagated to the MR image IT of a new
correspondences in the atlas (I,
target subject that was not used to generate the atlas; and hence, how this new subject can
be incorporated into the atlas.

3.3.5.1. Joint Label Fusion with Bootstrapping
The most direct way of extending atlas correspondence to the new target subject is via
ˆ This approach is limited
co-registration of its image IT with the atlas template image I.
by the accuracy of single-subject registration and will yield poor results if the contrast
characteristics of IT do not match those of the template or if the template itself lacks
necessary detail.
If masks of the SRLM and HC boundaries of IT are available, then as described in Sections 3.3.1 and 3.3.2, they can be used to compute a parameterization (ρ, θ, φ) of the target
hippocampus volume that can then be used to perform shape-based registration with the
template: Following initial cm-rep alignment between template and target, the target’s
shape maps are registered to the atlas shape maps (ρ̂, θ̂, φ̂), defined in Equation 3.16. If the
target image has sufficient resolution and contrast characteristics that match those of the
template, then a subsequent intensity-based registration may be performed with Iˆ in order
to recover residual deformations.
However, as noted in Appendices B.2 and B.3, segmentation of the SRLM and HC is time-
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consuming, requiring approximately ten hours of manual work per subject. We therefore
demonstrate that given only a sparse and approximate initial segmentation of the HC,
a bootstrapped multi-atlas segmentation algorithm can be used to automatically generate
accurate SRLM and HC masks from those of the atlas images. Shape maps of the hippocampus can then be derived from the SRLM and HC masks and used to perform shape-based
registration with the atlas.
We used the Joint Label Fusion (JLF) (Wang et al., 2012) algorithm for multi-atlas segmentation. The algorithm combines segmentations from multiple atlases using spatially
varying weights in order to derive a consensus segmentation of the target. JLF accounts
for redundancy in the atlas set by computing correlations among pairs of atlas images and
then assigning lower label fusion weights to more highly correlated atlases. This strategy
has been shown to result in improved performance over earlier methods that used weighted
voting (Aljabar et al., 2009; Artaechevarria et al., 2009; Heckemann et al., 2006).
The accuracy of masks generated by JLF is generally improved with the accuracy of intersubject registration. We therefore used a bootstrapping approach to iteratively improve
both segmentation and registration: The mask of HC generated at each iteration was used
to guide registration between the rough target and atlas images on the subsequent iteration.
Let SRLMi and HCi be the segmentations of atlas image Ii and let HCkT be the HC segmentation of target image IT at iteration k ≥ 0 of the procedure below, such that HC0T denotes
the initial segmentation of IT . The following sequence was executed to generate iteratively
improved SRLM and HC masks of IT :
1. The segmentation algorithm was initialized by manual delineation of HC in IT on
every 20th coronal slice (equivalent to a spacing of 4 mm between slices). Constrained
active contour region growing was used to automatically interpolate the sparse slice
segmentations to an initial, approximate segmentation, HC0T , of the full target volume.
2. In order to achieve overall shape alignment, a cm-rep model of the hippocampus in
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atlas space was fit to HCkT , the current segmentation of IT at iteration k. This yielded
a transformation from the atlas to the target image.
3. Following initial warping by the cm-rep transformation of step 2, each atlas image Ii
k between I
was non-linearly co-registered with target image IT , resulting in maps ψi,t
i

and IT . The same registration parameters were used as those given in Section 3.3.3.3
(i.e. a diffeomorphic transformation model and the NCC metric with 2 × 2 × 2 voxel
radius).
4. Atlas segmentations SRLMi and HCi were then fused to generate updated segmentations of the target image:

SRLMk+1
T (x) =

N
X

k
wi (x) · SRLMi (ψi,t
(x))

i=1

HCk+1
T (x) =

N
X

(3.17)

k
wi (x) · HCi (ψi,t
(x)),

i=1

where the spatially varying label fusion weights wi (x) were computed using JLF with
a patch radius of 3 voxels for estimating joint segmentation error.
We tested this segmentation strategy on our atlas image set using a leave-one-out crossvalidation experiment: Each image Ii (with the exception of the single subject NDRI64415/L, whose MRI was acquired with the lower 0.4 mm3 resolution) was sequentially
chosen as the target to segment using the other images Ij (j ∈ [1, N ] \ {i}) as atlases. To
generate the sparse input HC segmentations, approximately ten slices were segmented in
each image in a time of less than five minutes per image. Three iterations of the bootstrapping strategy described above were performed per image.
As a post-processing step, we applied the Corrective Learning (CL) wrapper algorithm of
Wang et al. (2011) in order to correct systematic segmentation errors of the above strategy.
The algorithm learns to classify “mistakes” of a segmentation method from training data
consisting of a set of corresponding ground-truth and automatically generated segmenta-
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tion masks. The algorithm was trained per voxel on features that include the manual and
automatic segmentations, the atlas image intensities over patches centered on each voxel,
and the relative position of each voxel. We executed corrective learning with atlas images
as additional feature channels and using the following parameters: radius of 2 voxels to
generate the region of interest for learning; patch radius of 3 voxels for feature extraction;
sparse sampling rate of 5% of voxels; and 100 learning iterations. The leave-one-out segmentation accuracy statistics are presented in Table 8 in terms of DSC with the ground-truth
(manually defined) masks, both with and without post-processing by the corrective learning
algorithm.

3.3.5.2. Evaluation of Automated Multi-Atlas Segmentation Strategies
Table 8 presents the results of using bootstrapped Joint Label Fusion for automated segmentation of the SRLM and HC surfaces. The high mean DSC overlap metrics with respect
to reference manual segmentations show that automated segmentation of these structures
is feasible.

Mean (stdev.)
Minimum
Median
Maximum

SRLM
DSC without CL DSC with CL
0.790 (0.070)
0.802 (0.079)
0.606
0.589
0.805
0.829
0.872
0.879

HC
DSC without CL DSC with CL
0.933 (0.018)
0.939 (0.016)
0.900
0.912
0.935
0.939
0.958
0.961

Table 8: Leave-one-out accuracy results (and standard deviation) for bootstrapped Joint
Label Fusion segmentation of the SRLM and HC surfaces in the atlas dataset, presented
in terms of Dice similarity coefficients (DSC) between automatically and and manually
generated segmentation masks. Results are shown both with and without post-processing
using the Corrective Learning algorithm (CL).

3.3.5.3. Multi-Atlas Fusion-Based Correspondence Propagation
Extending atlas correspondence to IT via direct co-registration with the atlas template Iˆ
may be subject to errors. For instance, the template image alone cannot capture the vari91

ability present in the collection of atlas images. The template also lacks sharp features
present in the high-resolution MRI. The use of multi-atlas label fusion for image segmentation has been shown to reduce errors compared to single-atlas approaches (Aljabar et al.,
2009; Artaechevarria et al., 2009). A key observation in the success of multi-atlas techniques
is that correspondences with the target are not restricted to those with a single image. By
deriving correspondences from a set of atlases, bias due to potentially poor registration with
a single atlas (that may not well represent the target anatomy) is reduced, assuming that
errors among the atlas registrations are not all the same.
However, a limitation of MALF is that it does not yield correspondences between the
target and the atlas reference space. In the case of single-atlas label transfer, the unique
registration map with the target trivially defines this correspondence. In the multi-atlas
case, there is neither a guarantee that each target voxel’s label is derived from a unique
coordinate in the reference space, nor a guarantee that neighboring target voxels map to
neighboring reference space coordinates.
Yushkevich et al. (2012) addressed this issue by extending the concept of multi-atlas label
fusion to multi-atlas fusion-based correspondence propagation (FCP). FCP brings the target
image into correspondence with a set of atlases for which a common reference space has
already been defined. The method presupposes that the atlas images Ii are rigidly aligned on
a common domain ΩR and that diffeomorphic correspondences ψi are known between each
Ii and the common reference space. Let χi be the map from the target IT to Ii . An optimal
map ψT∗ from the atlas reference space to the target is then computed by minimizing its
squared distance from the N weighted maps χ−1
i ◦ ψi , each of which represents a candidate
correspondence from the reference space to the target:

ψT∗

= arg min
ψT ∈Diff(ΩR )

ψT−1

−

N
X
i=1

2

wi ·

ψi−1

◦ χi

+ r(ψT ),

(3.18)

L2

where r ensures spatial regularization. Minimization is written here using inverse mappings
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in order to emulate the conventional MALF formulation of expressing label fusion in terms
of voxels in the domain of IT .
In determining the map between the target and the atlas reference space, FCP eliminates
strict reliance on pairwise registration between with the template. Instead, it constructs
maps from the target image to the atlas reference space through potentially multiple atlas
image pairs, which are combined using spatially varying weights. Analogous to the reported
advantages of MALF over single-atlas segmentation, it is expected that correspondences to
a reference space that are derived through a set of candidate images are more robust and
less biased than correspondences derived through a single image.
As discussed in Yushkevich et al. (2012), we solved the FCP optimization of Equation 3.18
by reformulating it as a diffeomorphic image registration problem:

ψT∗ = arg min

3
X

ψT ∈Diff(ΩR ) d=1

Id ◦ ψT−1 − Jd

2
L2

+ r(ψT ),

where Id and Jd denote the dth components of the identity map and

(3.19)

PN

i=1 wi

· ψi−1 ◦ χi ,

respectively.
The FCP strategy was evaluated by extending atlas correspondence to one image (NDRI64415/R) through all other images. The weights wi were computed using the Joint Label
Fusion algorithm (Wang et al., 2012). The component-wise mean-squared errors between
the true atlas transformation ψi for this image and the “fused” transformation obtained from
FCP were computed: 0.842 mm, 0.911 mm, and 0.317 mm along the three coordinate axes.

In summary, to this point we have described the groupwise registration methodology used to
construct the MRI atlas of the hippocampus. The atlas comprises an intensity- and shapeˆ defined over a reference space domain, together with a set of
averaged template image I,
ˆ
diffeomorphic transformations {ψi (x)}N
i=1 between I and each source image Ii . The next
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section describes the integration of reconstructed histological imaging, including subfield
segmentations, into the atlas space.

3.3.6. Histology Reconstruction and Segmentation
To achieve highest quality histology reconstruction, we adopted a manual, interactive histology co-registration approach in contrast to the automated one that we used previously (Adler et al., 2014). Given the nature of our histology dataset, which included many
imaging artifacts, such as tissue tearing and warping, in addition to missing data, the automatic approach of our prior work would have posed too many challenges to accurate
alignment. Manual co-registration was time-consuming, but proved effective in this application for the purpose of building an atlas.
The densely acquired histological sections of the eight samples listed in Table 5 were reconstructed in 3D by D.H.A. and collaborator R.I. using the interactive graphical software
HistoloZee, which is discussed further in Section A. The software developed by the authors
and made publicly available3 . Reconstruction was performed in the coordinate system of the
postmortem block MRI through user-guided, real-time manipulation of the full-resolution
(0.5 µm), roughly coronal-oriented slides. The matching of histology to the MRI modality
enabled re-introduction of 3D shape information between slides that was lost during tissue
sectioning and processing. Additionally, the block MRI served as an intermediate reference
space through which the histology data was ultimately mapped to the whole-hippocampus
postmortem MRI, as discussed in the following section. Figure 34 shows the alignment of a
histology slide to a section of its corresponding block MRI, including zoomed-in views that
demonstrate individual neuronal cell bodies in the histology (0.5 µm2 resolution) atop MRI
voxels (0.2 mm3 resolution).
The HistoloZee interface featured orthogonal views of the reconstruction stack, including
3

HistoloZee is publicly available at http://picsl.upenn.edu/software/histolozee
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Figure 34: Coronal histology slide from posterior hippocampal head of a left-sided control
specimen overlaid on corresponding block MRI section, following 2D/3D affine registration:
(A) Resliced histology slide overlaid on resliced block MRI; (B) edges of histology slide
on block MRI; (C, D) zoomed-in views of histology on MRI, revealing cellular detail in
comparison with individual MRI voxels.
transparency and edge map overlays that enabled concurrent, linked navigation on multiple
slides and the reference MRI. The slides were first stacked and assigned a default 0.2 mm
thickness, corresponding to their spacing. Next, the hippocampi were visually aligned between slides and also with the MRI by manually applying 2D affine transformations to the
slides, consisting of in-plane rotation, translation, anisotropic scaling, and shearing parameters. An additional out-of-plane translation parameter was introduced in order to correct
for deviations from the standard slice spacing. Where possible, incidental gaps in histology,
such as due to missed or damaged sections, were filled by assigning greater thickness to
slides adjacent the gap. Three-dimensional scaling transformations (with nine degrees of
freedom) were also applied to the block MRI in order to account for gross tissue shrinkage
along the slicing axis. Figure 35 shows axial and sagittal views of the reconstruction of one
tissue block’s histology stack and corresponding MRI.
HistoloZee provided an intuitive interface for manipulation of transformations, coupled
with multi-scale zooming that permitted fine-scaled alignment of the hippocampal region
of interest. The majority of manual reconstruction work was performed at the 100 to 400
pixels/mm resolution level, though the software permitted visualization and registration at
the cellular scale. All reconstruction projects were saved in an Extensible Markup Language
(XML) format that preserved all slide view state, transformation parameters, and image
meta-data.
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Figure 35: Reconstructed histology slides from anterior hippocampal head of a left-sided
control specimen, shown in (A) axial and (B) sagittal section following affine registration
to (C, D) reference block MRI of same specimen.
The cornu Ammonis subfields CA1, CA2, CA3, the dentate gyrus (DG), and the subiculum
(SUB) were manually segmented by collaborator J.P. in HistoloZee on the full resolution
slides according to cytoarchitectonic features. We identified the granular cell layer of dentate gyrus (DG-g) in addition to its combined molecular (DG-m) cell region. Each slide
containing hippocampus tissue was labeled using the same protocol as used in our previous histological reconstruction work, as described in the Supplementary Materials of Adler
et al. (2014). There are certain limitations to this protocol, but we plan to address these
through involvement in an effort to harmonize manual hippocampal subfield segmentation
protocols (Yushkevich et al., 2015a).

4

A vector-graphics drawing mode was used to define the polygonal segmentation region
on slides and export them in the Scalable Vector Graphics (SVG) format. Drawing was
performed following reconstruction, thereby enabling the human rater to follow boundaries
between aligned slides with greater confidence than would have been possible in the raw
data. Since vertex coordinates were stored numerically, any number of transformations
could be concatenated and applied to them throughout the reconstruction process without
degradation or partial-voluming of their boundaries. Rasterization of segmentation polygons
was reserved as a final step in reconstruction.
4

All histology slides, segmentations, MRI, and reconstruction projects are available from the authors
upon request.
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3.3.6.1. Mapping of Histological Data to Postmortem MRI Atlas Space
One of the primary objectives of this work was the mapping of histological data from multiple specimens into the common reference space of the hippocampus MRI atlas described
in Section 3.3.3. Histology reconstruction yielded linear transformations mapping histology
slides to their corresponding tissue block MRI. The histology reconstructions were exported
as 3D color image volumes in the Neuroimaging Informatics Technology Initiative (NIfTI)
format, which is interoperable with most medical imaging research software packages. The
images were assigned 0.050 mm in-plane resolution and 0.2 mm slice thickness.
To complete the chain of mapping from histology to atlas space, it remained to compute
transformations βi,j between each whole-hippocampus MRI Ii and its corresponding the
block MRIs, denoted as Bi,j . The co-registration of Bi,j and Ii was initialized by 3D rigidbody transformation derived from the placement of five landmarks per block, chosen on
clearly identifiable and distinct points of both images. Following manual rigid-body initialization, Bi,j was co-registered to Ii using automated affine and deformable registration
in the ANTs software package. Affine registration was performed at the full MRI resolution level, without smoothing, and using the normalized mutual information (NMI) metric.
Deformable registration, which was required in order to account for non-linear tissue deformation and MRI scanner distortions, was performed using the Symmetric Normalization
diffeomorphic transformation model (Avants et al., 2008b) with the NMI metric at three
resolution levels. Figure 36 shows the reconstruction of all histology slides and segmentation
labels from one subject into the space of the subject’s whole-hippocampus MRI.
The histology reconstructions and accompanying segmentation labels of each subject i were
lastly mapped from the space of Ii into the atlas space via ψi , derived from groupwise MRI
registration, as described in Section 3.3.3. The slide reconstructions and corresponding
MR images Ii from all histologically processed specimens are shown in Figure 37 following
ˆ The averaged segmentation labels
mapping into the space of the final atlas template I.
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CA1
CA2
CA3
DG-m
DG-g
SRLM

Figure 36: Reconstruction of all histology slides acquired from hippocampus of a right-sided
control specimen into the space of the whole-hippocampus MRI via the intermediate block
MRI modality: Axial sections of (A) reconstructed histology, (B) block MRI, (C) wholehippocampus MRI. (D, E, F) Subfield segmentations overlaid on corresponding sagittal
sections.
from the histology of all subjects in atlas space are shown in Figures 38–40 as per-label
probability maps and in Figure 41 following voxel-wise maximum consensus voting.

Figure 37: (A) Reconstructions of histology slides from all specimens (listed in Table 5),
ˆ {ψi }), together with (B) corresponding reference MRI,
mapped into the final atlas space (I,
also mapped to atlas space.
Figures 38 through 41 depict the probabilistic maps of hippocampal subregion labels, derived from histology, following their reconstruction and deformation to the postmortem
atlas space.
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Figure 38: Axial cross-section of probability maps for labels CA1/2/3, DG, and SRLM in
final template space, with hippocampus boundary (HC) in red.

Figure 39: Sagittal cross-section of probability maps for labels CA1/2/3, DG, and SRLM
in final template space, with hippocampus boundary (HC) in red.

Figure 40: Coronal cross-sections of probability maps for labels CA1/2/3, DG, and SRLM
in final template space at level of hippocampal (A) head, (B, C) body, and (D) tail, with
hippocampus boundary (HC) in red.
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CA1
CA2
CA3
DG-m
DG-g
SRLM
SUB

Figure 41: Averaged subregion labels CA1/2/3, DG-m, DG-g, SRLM, and SUB from the
mapping of all histology data into final atlas space, shown in (A) coronal, (B) sagittal, and
(C) axial cross-section. Superior views of 3D reconstructions of (D) CA1/2/3 and SUB
and (E) CA3 and DG label maps, following voxel-wise voting, in template space.
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3.3.7. Sample Population Studies
The atlas template image Iˆ and its set of transformations {ψi } together represent the mean
and variability of the atlas image set’s intensity and shape characteristics. In this section,
we derive statistics from this data about the atlas sample population, including its principal
modes of shape variation and morphological group differences between control and diseased
subjects whose images were used in the atlas.

3.3.7.1. Principal Component Analysis
As in Section 3.3.4, closed meshes of the SRLM, mid-potential, and HC surfaces in the
atlas were generated from the mean atlas potential function ρ̂ using the Marching Cubes
algorithm. These surface meshes are shown in Figure 29 and denoted here by Lc (ρ̂) for
c = −1, 0, and 1, respectively. The meshes were warped to the space of each subject
using the maps {ψi : ΩR → Ωi }N
i=1 , which by construction (Section 3.3.3) expressed the
correspondences between the N subjects. The warped vertices {ψi (x) : x ∈ Lc (ρ̂)}N
i=1
(c = −1, 0, 1) therefore represented the same anatomical point in the space of each subject i.
Prior to performing principal component analysis (PCA) on the subject meshes {ψi (Lc (ρ̂)}N
i=1 ,
the meshes were aligned using generalized Procrustes analysis (Gower, 1975) in order to factor out linear variations amongst them (i.e. reflection, position, rotation, and scaling). PCA
was then computed over the set of aligned meshes, with the vertices of each mesh arranged
as length 3K shape descriptor vector with components of the K vertices arranged in sequential order (x1 , y1 , z1 , . . . , xK , yK , zK ), where the number of vertices was K = 26,920,
34,260, and 51,564 for L−1 (ρ̂), L0 (ρ̂), and L1 (ρ̂), respectively.
Figures 42 and 43 show the first three principal modes of variation of the the HC and SRLM
surfaces among aligned subjects in final atlas space, with variations presented in order from
σ = −2 to 2 standard deviations with respect to the mean mesh. The first three modes of
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variation together account for slightly over 55% of the total shape variance (Figure 44). The
PCA reveal three pronounced shape variations: (A) elongation of the hippocampus along
its main axis in the anterior-posterior direction; (B) bending along the main axis within the
axial plane; (C) torquing of head and tail in opposite directions.

Figure 42: First three principal modes of variation (A: first, B: second, C: third) of the
external hippocampus boundary surface (HC), shown in superior and medial views at ±1
and ±2 standard deviations with respect to the mean HC mesh of all subjects.

3.3.7.2. Hippocampal Volume and Shape Analysis
Mean volumes were computed from binary segmentation masks of the whole hippocampus
(HC) and SRLM for the left-sided specimens in the atlas image dataset. Control subjects
were defined as those with no known neuropathology upon autopsy; eight control and four
AD subject hippocampi were analyzed (see Table 4). Mean HC volumes were 3045.5 mm3
(σ = 682.2 mm3 ) for the controls and 1218.5 mm3 (σ = 268.3 mm3 ) for the AD subjects;
mean SRLM volumes were 526.5 mm3 (127.4 mm3 ) and 185.2 mm3 (49.1 mm3 ) for the controls and AD subjects. Applying two-sample t-tests showed that the means significantly
differed between control and AD groups for both the whole-hippocampal (p = 0.007) and
SRLM (p = 0.004) volumes.
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Figure 43: First three principal modes of variation (A: first, B: second, C: third) of the
SRLM surface, shown in superior and medial views at ±1 and ±2 standard deviations with
respect to the mean SRLM mesh of all subjects.
Regional volume differences, based on Jacobian determinants of the atlas transformations
ψi , were compared between the left-sided specimens of the AD and control subjects. Jacobian determinants were computed via a mesh warping approach: A volumetric tetrahedral
mesh (consisting of 137,309 tetrahedral cells with average volume 0.02 mm3 ) was generated
from the surface mesh of HC in the final atlas using the software TetGen (Si, 2015). The
mesh was warped to the native space of each subject image Ii via ψi . A per-tetrahedral cell
approximation to the Jacobian |Ji | = |dψi /dx| of each subject was computed as the ratio of
cell volume in subject space to cell volume in atlas space. The mean Jacobian map values
were compared between left-sided specimens of control and AD subjects on a subregional
basis. The results of the comparison within subregions CA1/2/3, DG (including DG-m and
DG-g), SRLM, and SUB are presented in Table 9.
Statistical comparisons were also done using non-parametric, cluster-based analysis with
permutation testing (Nichols and Holmes, 2002). A general linear model (GLM) was fit
to the volumetric mesh data, assigning Jacobian |Ji | as the dependent variable. Given the
small sample size, no covariates were included in the regression. Student’s t-statistics and
p-values were computed from the GLM for the contrast of per-cell Jacobian for control
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Figure 44: Proportion of variance explained by eigenvector modes of variation for meshes
of SRLM, mid-potential (L0 ), and HC surfaces
subjects minus Jacobian for AD subjects. A threshold of t = 3.0 was used to define clusters
and 1000 random permutation tests were performed. Figures 45 and 46 show the GLM
ˆ {ψi }), thresholded for
contrast and the t-statistic map, in the space of the final atlas, (I,
clusters at the p = 0.05 significance level.
Figures 45 and 46 show the results of regional volume analysis between control and AD
subjects in the atlas set. Groupwise differences were found between Jacobian determinants
of the atlas transformation maps ψi , with significant clusters located on the inferior and
lateral aspects of the whole hippocampus (Figure 45 (B, C)), as well as on the superior and
medial aspects of the hippocampal head. Reduced hippocampal thickness in AD subjects
versus controls in these regions supports the finding (Figure 45 (D)). As shown in Table 9,
there is a positive difference in mean Jacobian between controls and AD subjects in the
CA1, SRLM, and SUB subregions.
Our streamlining approach to hippocampal parameterization motivates an intuitive measure
of hippocampal thickness: Using the potential function ρ(x), the solution of Equation 3.1,
we define thickness at a particular point x0 ≡ x(t0 ) on the mid-potential surface L0 as the
sum of the streamline path length integrals between L0 and SRLM and between L0 and
HC:
thickness(x(t0 )) = −

Z

t−1

Z

t1

k∇ρ(x(t))k dt +
t0

k∇ρ(x(t))k dt,
t0
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(3.20)

Figure 45: Analysis of regional volume difference between left-sided hippocampi of control
and AD subjects: (A) Difference between Jacobian maps of control and AD hippocampi,
rendered on the HC surface; (B) volumetric rendering of t-statistic map of Jacobian difference, showing clusters significant at p = 0.05; (C) surface rendering of the thresholded
t-statistic map, displayed with transparent SRLM and HC surfaces. (D) Difference of regional hippocampal streamline thickness measurement between control and AD hippocampi,
visualized on the mid-potential surface.

Figure 46: Coronal slices of t-statistic map of regional Jacobian difference between control
and AD hippocampi, showing clusters significant at p = 0.05.
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Subregion
Label
CA1
CA2
CA3
DG
SRLM
SUB

Mean Jacobian (stdev.)
in Control Subjects
0.836 (0.211)
0.692 (0.160)
0.784 (0.205)
0.943 (0.316)
0.873 (0.293)
0.912 (1.905)

Mean Jacobian (stdev.)
in AD Subjects
0.760 (0.283)
0.763 (0.261)
0.769 (0.278)
0.933 (0.322)
0.788 (0.301)
0.729 (0.279)

Total Subregion
Volume (mm3 )
847.9
40.6
144.7
949.9
434.8
421.5

Table 9: Mean (and standard deviation) of Jacobian determinants |Ji |, for all left-sided
specimens of control and AD subjects, computed over the subregion labels in final atlas
space. (Total volume of the subregions is also given.)
where x(t−1 ) and x(t1 ) are beginning and end points of the streamline through x0 that
intersect the SRLM and HC surfaces, respectively. Figure 45(D) shows the difference of
this thickness measure between control and AD hippocampi, projected on the L0 template
mesh.
We also performed an evaluation of hippocampal shape between control and AD subjects using a non-parametric descriptor of surface geometry that was proposed by Awate
et al. (2010) in the context of studying cerebral cortical folding differences between populations. The descriptor is based on a reparameterization of the space of principal curvatures
(κmin , κmax ) of a surface. As first defined by Koenderink and van Doorn (1992), transformation of (κmin , κmax ) into the orthogonal polar coordinate bases of shape index (SI) and
curvedness (CVD) yields an intuitive description of surface geometry:
SI = (2/π) · arctan ((κmax + κmin )/(κmax − κmin )) ∈ [−1, 1]
q
CVD = (κ2min + κ2max )/2 ∈ [0, ∞),

(3.21)

where these measures are effectively the angle and radial distance in the polar system of
principal curvatures. Shape index is a scale-invariant measure of morphology that discriminates between points that range from being locally elliptical (i.e. convex/dome-like when
SI ≈ 1 and concave/bowl-like when SI ≈ −1), to parabolic (i.e. convex/ridge-like when
SI ≈ 0.5 and concave/valley-like when SI ≈ −0.5), to hyperbolic (i.e. saddle-like when
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SI ≈ 0). Curvedness describes the magnitude of curvature (with CVD = 0 being locally
flat), independent of shape. Figure 47 demonstrates these measures on the hippocampal L0
surface of one subject.

Figure 47: Superior and inferior views of the mid-potential surface L0 of the hippocampus
of a control subject colored by (A) shape index (SI) and (B) curvedness (CVD).
The shape descriptor that we used is the joint probability density function (PDF) of SI and
CVD, computed over the mid-potential surfaces of the unnormalized images: P (SI, CVD).
The PDF was discretized over a grid of 64 × 64 bins for the range SI ∈ [−1, 1] and CVD ∈
[0, 0.1] (CVD was empirically found to rarely exceed a value of 0.1 on the surfaces). As
done for the study of regional Jacobian differences, we performed non-parameteric testing
for significant clusters of differences between P (SI, CVD) of control and AD groups (Nichols
and Holmes, 2002). A threshold of t = 2 was used to define clusters and 1000 permutation
tests were performed. Figure 48 shows the PDFs for left-sided hippocampi of control and
AD subjects, as well as the t-statistic and significantly different clusters at p = 0.05 between
the two groups.
Statistically significant clusters of control/AD group differences were found between the
joint PDFs of curvedness versus shape index (Figure 48). These clusters appear around
SI = 0.5, which is indicative of convex ridge-like structures. However, we are not able to
offer any intuitive explanation of the results showing greater curvedness of these structures
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in hippocampi of AD subjects as compared to control subjects.

Figure 48: Normalized probability density functions of curvedness (CVD) vs. shape index
(SI), P (SI, CVD), for all left-sided hippocampi of (A) control and (B) AD subjects; (C)
difference between P (SI, CVD) of control and AD groups; (D) t-statistic for significant
clusters between control and AD groups at the p = 0.05 level.
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3.4. Discussion
The primary contribution of this work is a detailed, 3D atlas of the human hippocampus,
constructed from postmortem MRI of 26 specimens acquired from 16 subjects, plus reconstructed histology from a subset of eight of the specimens. Hippocampal subfield labels
in the atlas were derived from the histology, in which the subfields were manually segmented based on cellular features. The MRI atlas was computationally generated with a
new diffeomorphic groupwise registration method using combined image intensity matching and spherical parameterization of hippocampal shape. The atlas template served as
the anatomical reference space for histological reconstruction and for visualization of the
subregion labels. This is the first time that such a large collection of histology of the
whole hippocampus has been acquired, labeled, reconstructed, and mapped into a common
analysis space.
We adhered to the viewpoint of Thompson and Toga (1996) in arguing that deformation
field correspondences in the atlas should have a sound biological and anatomical basis.
With this criterion met, the atlas may properly account for plausible variations in anatomy
among subjects. As for the cerebral cortex, the variability in hippocampus shape and
size makes it difficult to compare data across subjects without anatomically specific shapebased registration. Thompson and Toga (1996) formulated their registration method using
constraints on surfaces of developmental relevance, namely the cerebral cortex and parts of
the ventricular system, whose shapes form in a well patterned manner across individuals.
Their method has importance beyond the esthetic, as folding of the cortex is known to
correlate with its cytoarchitecture and functional parcellation (Fischl et al., 1999, 2008).
The shape of the mature hippocampus, like that of the cortex, is dependent on processes that
occur during development (Humphrey, 1967). The extent to which this shape, including its
folds and dentations, has functional or cytoarchitectonic relevance is, to our knowledge, not
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fully understood, though efforts are underway to understand it (Ding, 2015). Therefore,
given our collection of images that indeed reveals such variability in shapes, it was of importance to design a method that accurately and meaningfully aligned them. The images that
we acquired demonstrated vastly differing intensity patterns and shape variations. As such,
standard intensity-based similarity metrics and simple shape models proved inadequate for
aligning internal structures. We did not use point landmarks to guide registration, as we
were not able to reliably demarcate them in the postmortem imaging. At this time, we do
not have any hippocampal analogue to sulcal landmarks, due in part to insufficient sample sizes and seemingly large variability in hippocampal folding and dentation patterns.
These limitations precluded present definition of a protocol for defining landmarks with
high reproducibility.
Rather, anatomical correspondence was derived from a hybrid surface and volumetric registration method tailored to the specific hippocampal anatomy visible in the postmortem
MRI. Our overall strategy was to establish and match hippocampal volume parameterizations between images, where 3D coordinates were defined to vary smoothly between the
internal SRLM and the enclosing HC surface boundaries. The depth-like (or potential )
coordinate was computed by solving the steady-state Laplace equation between the two
boundaries. The two spherical angle coordinates were computed by effectively inflating
the computed mid-potential surface to the unit sphere. The mid-potential surface served
to capture the geometric features of both the SRLM and HC. Atlas generation proceeded
by applying diffeomorphic registration to the three coordinate parameters themselves in
order match shape while guaranteeing deformation field regularity. Following this stage,
shape correspondence was refined using image intensity-based volumetric registration. Our
computational methodology is closely related to the combined surface-volumetric registration paradigm of Joshi et al. (2007) and Postelnicu et al. (2009), who used constrained
harmonic mappings to propagate surface correspondences to volumetric deformation fields,
which were then refined using intensity-based registration.
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We note that an alternate hippocampal coordinate system could be generated by directly
parameterizing the SRLM surface, which, according to our segmentations, is homeomorphic
to the closed disk in two dimensions. However, this formulation would introduce several
complexities that we chose not to attempt to resolve. For instance, the SRLM surface
curves at its anterior end into a pocket-like fold, which would in practice prove complex
to smoothly map to the disk. Additionally, it would be difficult to propagate the disk
coordinates to the whole hippocampus volume (in order to achieve a 3D parameterization)
without introducing discontinuities in the resulting mapping. These issues could lead to
inconsistent parameterizations between subjects, as well as results highly sensitive to initial
shape. Modeling the mid-potential surface as a sphere, as we have done, leads to a more
straightforward formulation.
There is an important body of literature on the localization of shape differences and functional activations in MRI of the hippocampus using parametric shape modeling. Existing
work has used spherical harmonics (Csernansky et al., 1998; Shen et al., 2009), point distribution models (Cates et al., 2007; Styner et al., 2006), deformable models (Yushkevich
et al., 2007), spectral decomposition (Shakeri et al., 2014), and other methods (Apostolova
et al., 2006; Thompson et al., 2004). Our groupwise registration method regards the SRLM
as a skeleton-like structure whose shape is used to define the inner boundary of an intuitive
hippocampal parameterization. Indeed, the SRLM forms an anatomically and developmentally relevant sheet-like structure that we argue should align between specimens in order to
achieve accurate and meaningful registration. To our knowledge, no prior MRI studies of
the hippocampus have explicitly modeled the SRLM for the purposes of registration, though
other published works—with MRI lacking the resolution and contrast of our scans—have
analytically derived shape skeletons using medial curves (Thompson et al., 2004) or medial
models (Yushkevich et al., 2007). Because the SRLM sheet demarcates the boundary of the
intertwined CA and DG, our method bears semblance to the computational hippocampal
unfolding work of Ekstrom et al. (2009); Zeineh et al. (2000) that produced 2D flat maps
onto which subfield boundaries and functional MRI activations were projected.
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We evaluated our new groupwise registration method, which combined cm-rep model fitting, volumetric shape-based parameterization, and intensity-based registration refinement,
against several alternate strategies listed in Tables 6 and 7. Experiments showed that our
combined method yielded overall improved alignment of hippocampal images and shapes
in the atlas reference space when compared to cm-rep fitting alone or coupled with either
intensity- or shape-based registration. Results are presented in Figures 32 and 33 in terms
of numerical measures of pairwise similarity between images and shape meshes. The quality
of image alignment in atlas space is seen visually in Figures 30, 31, 75, 76, and 77.
The atlas templates generated using the alternate methods contained artifacts not present
in the original MRI that were indicative of suboptimal anatomical correspondence. The
template I cmrep , derived from cm-rep modeling, demonstrated the most pronounced artifacts, such as ghosted structures, blurred boundaries, and implausible average SRLM shape.
Though subsequent intensity-based registration (to generate I intensity ) attempted to iteratively refine the cm-rep model-based correspondences, registration to an evolving, fuzzy
mean image was likely problematic. Registrations used to build pairwise correspondences
may have been poor due to large anatomical variability (e.g. number dentate gyrus digitations, curvature of the dark band, shape of fluid spaces, and varying degrees of pathology or
tissue atrophy) for which the similarity metric and transformation model could not account.
Topology may also have differed among the images due to the presence of cysts and susceptibility artifacts. Such variations between specimens tended to appear more pronounced
in our focal images of the hippocampal region than would be the case with larger fields of
view covering the whole brain.
To a large extent, our new shape-based registration method was able to overcome these
methodological limitations by refining correspondences derived from segmentation of the
SRLM and HC surfaces. The goal of this work was not on segmentation as an end in itself,
but as a means to achieve the highest quality groupwise registration possible on a fixed
collection of images. However, we did show (Section 3.3.5) that it was possible to automate
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segmentation of SRLM and HC using multi-atlas label fusion in order to facilitate mapping
the atlas to new target subjects, thus obviating the need for costly manual segmentation in
future work.
The major advantage to using HistoloZee for segmentation concerns the mapping of delineations of microscopic features from histology into the space of a reconstructed volume.
Immunohistochemical staining and imaging at the micron scale afford the ability to delineate regions using specific cellular features and chemical markers. However, segmentation
of series of histology slides in a reconstruction poses a unique challenge: guaranteeing
alignment and consistency of boundaries between slides. Using HistoloZee to provide 3D
reconstruction context between slides during segmentation greatly facilitated our ability to
reduce slice-to-slice variability of boundaries. And we believe that this resulted in more
consistent segmentation boundaries.

3.4.1. Limitations
The premise of accurate hippocampal subregion labels in the postmortem MRI atlas rests
on both accurate segmentation and reconstruction of the histological sections. Our segmentation protocol was based on cytoarchitectural features derived from print atlases of
the region. We invite other investigators to examine the segmentations and to contribute
improvements or additional labels that may improve and increase the utility of this and
future work.
Histology reconstruction was performed by manual interaction with images and visual assessment of image similarity in the HistoloZee software. Validation of reconstruction accuracy was not performed in this study due to lack of ground truth correspondence data.
While we recognize that there are inherent limitations to performing manual registration,
we believe that our procedure was beneficial to the study. Manual interaction facilitated coregistration of small regions of interest in comparison to overall slide dimensions, including
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subtle—even microscopic—features between histology and MRI. Based on prior experience,
we have found automated pipelines to be prone to failure at several stages of reconstruction.
Despite careful tuning of parameters and sophisticated numerical optimization, automated
registration methods frequently lack sufficient capture range and prior knowledge required
to align grossly mis-aligned and distorted images. This problem is compounded by the
presence of large differences in imaging characteristics among histology studies (largely precluding efforts to standardize optimization parameters), by the severity of tissue distortions
themselves, and by the need to identify the small regions of interest requiring alignment.
While expert users can assess and often correct registration errors by probing output and
adjusting input parameters at various stages of an automated pipeline, such operations are
generally time consuming and not within the expected scope of knowledge of typical users.
This study’s protocols for segmentation of the SRLM and HC surfaces were not tested for
rater repeatability or for accuracy with ground truth histological data. Such validation
would be required to understand the impact on this study of anatomical variants between
subjects, varying appearance of structures with image acquisition parameters, and tissue
fixation state, for example. However, every effort was made to maintain segmentation
consistency among subjects.
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CHAPTER 4

Reconstruction of neuronal cytoarchitectural maps of
the human hippocampus into a postmortem atlas
space

Daniel H. Adler a, b and Paul A. Yushkevich b
a

Department of Bioengineering

b

Penn Image Computing and Science Laboratory, Department of Radiology

University of Pennsylvania

4.1. Introduction
Focal postmortem imaging yields exquisite anatomical detail of the human hippocampus
that cannot be discerned using in vivo techniques. While detailed print atlases of the hippocampus exist, there is no computational resource that combines high-resolution magnetic
resonance imaging (MRI) with microscopic cellular imagery of multiple subjects. Given the
growing interest in measuring subfield-specific effects of disease and normal aging in the
hippocampus, there is a critical need for such a reference dataset. In this chapter, we lay
the foundation for a reference that relates MRI appearance of the hippocampal subfields to
cytoarchitectonic features (i.e. cell morphology and spatial distribution) extracted from histological imaging. It is our hope that this work will enable studies of the hippocampus that
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seamlessly correlate its anatomy to changes observed at the microscopic and macroscopic
scales.
In the previous two chapters, we developed and validated methods for reconstructing histological imaging datasets, acquired from multiple whole-hippocampal tissue specimens, into
three-dimensional (3D) volumetric images. Each dataset was reconstructed and registered
into the anatomical space of a high-resolution MRI acquired of the same postmortem specimen. We created a pipeline consisting of both automated and interactive image registration
components that included a method to mitigate the effects of histology section distortions
that may frustrate reconstruction, as well as deformable co-registration with the accompanying MRI. We also developed and validated novel groupwise registration methods in
order to construct a 3D atlas reference space from the MRI. Subfield parcellation of the
postmortem atlas images was based on cytoarchitectonic boundaries derived from histology,
rather than on boundaries inferred from heuristic geometric or intensity-based rules. To
our knowledge, this was the first time that (i) full 3D parcellation of hippocampal subfields
was done in MRI using histologically-derived boundaries, and (ii) that a probabilistic atlas
was created from such data.
This chapter builds on prior work by incorporating numerical maps of cellular features into
the atlas. The cell maps are generated using from the densely-sampled collection of fullresolution histology slides of both hippocampi of a single subject, then transformed into
the atlas using the previously computed reconstruction and groupwise registration transformations. Our ultimate goal is to analyze the cellular features and their relationships with
subfield distribution and pathology for all atlas subjects. This work, however, represents
a first step towards this goal by proving the feasibility of our reconstruction methods and
demonstrating preliminary results.

116

4.2. Cytoarchitectonic Mapping

4.2.1. Histology and MR Image Acquisition
We studied the left and right hippocampi of subject NDRI-64415, a female aged 89 at death
and showing no abnormal neuropathological findings on autopsy. The subject’s imaging
data was also used in the creation of the postmortem atlas. The present study used the
same histological and MR images that were mapped into the atlas. The intact hippocampi
were excised from the formalin-fixed cerebral hemispheres, then immersed in a low-MR
signal perfluoropolyether compound and imaged using a 9.4 tesla, 31 cm horizontal bore
Varian small animal MRI scanner (Agilent Technologies, Inc., Santa Clara, CA). Imaging
was performed on the whole samples and also following their sectioning perpendicular to
the hippocampal longitudinal axis into six, approximately 1 cm-thick blocks. The block
images were acquired with 0.2 mm3 isotropic resolution and 80 signal averages using a spinecho multi-slice (SEMS) sequence with intermediate proton density (PD)/T2 weighting
(repetition time, TR = 4 s; echo time, TE = 23 ms). The samples were imaged using a
70 mm inner diameter TEM transmit/receive volume coil (Insight Neuroimaging Systems,
Worcester, MA). The block images served as intermediate reference spaces through which
the histology images could be reconstructed into the whole-hippocampal space.
Following MRI, the tissue blocks were embedded in paraffin and sectioned with 200 µm
spacing and 5 µm thickness parallel to the block face, yielding 172 and 180 slides for the
left and right hippocampi, respectively. The sections were stained using the Klüver-Barrera
method for myelin (using luxol fast blue) and neuronal cell bodies (using cresyl violet
counterstain) (Klüver and Barrera, 1953), then digitally scanned at 20× power (0.507 ×
0.507 µm2 resolution) with an Aperio ScanScope CS system (Aperio Technologies, Inc.,
Vista, CA). The histochemical staining rendered granular Nissl substance in neuronal cell
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bodies as dark violet, cytoplasm as bright blue-violet, and myelin in axons as blue-green.
In the following sections, we detail the processing steps that were used the generate maps
of cytoarchitectural features in the histology.

4.2.2. Neuronal Cell Body Segmentation
We performed segmentation of the pyramidal and granular neuronal cell bodies in native,
full-resolution histology slide image space using a custom processing pipeline. The slides
of the most anterior tissue block of each specimen were not segmented, as they contained
no hippocampal tissue. A total of 124 and 146 slides were segmented for the left and right
hippocampi, respectively. First, the software utility Digital Slide Studio, packaged with the
Aperio ScanScope CS scanner, was used to convert the histology slide images from their
native proprietary Aperio SVS format (a variant of the BigTIFF format) to standard LZWcompressed TIFF images. The output image were stored using four bytes per pixel (one
byte per color/alpha channel) and had mean and median dimensions of 43,190 and 57,508
pixels, respectively, equating to average storage of over 4 GB per image. In order to reduce
computer storage requirements and processing time, each image was manually cropped to
cover a field of view tightly encompassing the hippocampus (Figure 49). Following cropping,
the mean and median image dimensions were 25,693 and 35,217 pixels, respectively, thereby
reducing the total image area to process by a factor of over 50%.
Segmentation was performed using the open-source software tool ilastik (version 0.5) (Sommer et al., 2011), which implements a decision forest classifier algorithm (Breiman, 2001).
Because the full-resolution cropped slide images could not be loaded into ilastik, the images
were split into square tiles of size 1024 × 1024 pixels using the software ImageMagick 5 .
Owing to the distinctive violet color of their granular Nissl substance following cresyl violet
staining, the neuronal cell bodies were clearly visually identifiable among other tissue and
cell types. Segmentation was performed independently on each of the twelve tissue blocks,
5

Available for free download at http://www.imagemagick.org
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Figure 49: Sample coronal histology slide section from studied subject at level of uncal
apex in posterior head: (A) whole slide, (B) cropped region of slide in which neuronal cell
bodies were segmented, with red box indicating field of view of magnified images in first
row of Figure 50.
as each exhibited different color and contrast characteristics due to variability in the histochemical staining procedure. For each block segmentation task, the random forest classifier
was trained using labels drawn by hand on ten representative 1024 × 1024 tiles of the slide
set. Four labels were used in order to identify the following image ‘objects’:
1. Pyramidal and granular nerve cell bodies (stained violet)
2. Myelin (stained blue)
3. Stroma between cells (stained cyan)
4. Slide background (no staining: white)
The classifier algorithm was trained using fifty decision tress with image color and texture
feature descriptors. The features were computed following smoothing of raw pixel intensities
with a 5 × 5 pixel diameter Gaussian filter, which is also referred to as the “small” scale
feature setting in ilastik. The color features consisted of the red, green, and blue (RGB)
channel intensities; the texture features consisted of the eigenvalues of both the secondmoment matrix and the Hessian matrix. The classifier prediction was run in batch of all
slides of each tissue block, yielding posterior probability maps for each object label. The
maps were then montaged into cropped slide space using ImageMagick. Figure 50(C) shows
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the output segmentation probability mask of the neuronal cell bodies in s sample histology
slide at the level of the posterior hippocampal head.

4.2.3. Map Generation
In order to quantify architecture (i.e. morphology and distribution) of the cell bodies in histology, we computed statistical maps of multiple features derived from the cell masks using
custom scripts in MATLAB (version 7.10) (MathWorks, Natick, MA). Initial binary segmentation masks of the cells were created by thresholding the posterior probability maps
(intensity range [0.0, 1.0]) at 0.8. A sequence of binary morphological processing operations was then performed on the masks in order to further clean and isolate the individual
neuronal cells. Visual inspection was used to confirm that this sequence generated masks
that accurately represented the neuronal cell body shapes, as exemplified in Figure 50.
The MATLAB function calls used to perform the operations are given below, where mask
denotes the processed binary cell mask:
1. Removal of isolated pixels: mask = bwmorph(mask, ’clean’, 1);
2. Removal of spur pixels: mask = bwmorph(mask, ’spur’, 1);
3. Removal of horizontally ‘H’-connected pixels: mask = bwmorph(mask, ’hbreak’);
4. Removal of vertically ‘H’-connected pixels: mask = bwmorph(mask’, ’hbreak’)’;
5. Filling of holes (a set of background pixels that are isolated from edge background
pixels):
mask = imfill(mask, ’holes’);
6. Opening (morphological erosion followed by dilation) using a disk structuring element
of radius 3:
mask = imopen(mask, strel(’disk’, 3));
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7. Removal of all objects with area less than 125:
mask = ismember(labelmatrix(bwconncomp(mask)),
find([regionprops(mask, ’Area’).Area] > 125));
Figure 51 shows a histology slide overlaid with its cell mask (following morphological processing). Details of the pyramidal and granule cell layers in several hippocampal subregions
of the cornu Ammonis (CA), dentate gyrus (DG), and subiculum (SUB) are shown at higher
magnification.
The cell statistic maps were computed over a sliding window of area 394 × 394 pixels in the
morphologically cleaned masks. Adjacent windows were overlapped by 50% (197 pixels) in
the horizontal and vertical directions. This window size was chosen to equal the physical inplane dimensions of both the block MRI and the postmortem atlas voxels: 0.2 × 0.2 mm2 ≈
(0.507 × 0.507 (µm/pixel)2 ) · (394 × 394 pixel2 ). To remove partial cells on boundaries,
mask pixels within a border of width eight pixels were excluded from computations. Maps
were made of the following quantities within each window using the MATLAB function
regionprops, which computes shape features from foreground mask pixels:
• Number of cells
• Average cell size (µm2 )
• Average cell perimeter (µm)
• Average cell perimeter to cell size ratio (µm/µm2 )
• Cell density, computed as the ratio of total area occupied by cells to the sliding window
area
The area and length-based measures were converted to physical units using the fact that
the histology pixel area and length were 0.25705 µm2 and 0.507 µm. The following measures
were computed by modeling cells regions as ellipses with matching second-order moments:
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Figure 50: Progressively zoomed in views of (A) histology slide from Figure 49 stained for
myelin and Nissl substance; (B) histology overlaid with neuronal cell body segmentation
mask, computed following thresholding and binary morphological processing operations
(Section 4.2.3); (C) neuronal cell body segmentation probability map derived from random
forest classification (Section 4.2.2).
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Figure 51: Cropped histology slide overlaid with neuronal cell body segmentation mask
following binary morphological processing of thresholded probability: (A) Whole cropped
region; zoomed in views at (B) uncal apex, (C) CA3 and hilus of DG, (D) CA2/CA3, (E)
CA1, (F) CA1 and subiculum.
• Average cell eccentricity, with values of 0 and 1 representing circles and lines, respectively
• Average cell elongation factor, computed as the average ratio of cell major to minor
axis length
• Average cell orientation angle, computed as the angle between the cell major axis and
the horizontal axis
Figure 52 shows an example cell body density map, together with a magnified view of
the cell mask and sliding window used for its computation. Figure 53 shows additional
examples of statistical cell maps. The maps have been co-registered with the postmortem
block MRI (Figure 53(A)). Because the maps were computed over all histology pixels, the
cell maps extend beyond the layers containing primarily neuronal cell bodies, the three
most prominent being the pyramidal layer of CA (segmented in Figure 53(B)) and the
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polymorphic and granule layers of DG.6

Figure 52: Example neuronal cell body density map: (A) Histology slide with overlaid
neuronal cell body mask; (B) map of neuronal cell body density (unitless); (C) zoomedin cell density map; (D) zoomed-in histology slide and outlines corresponding to example
sliding windows of size 394 × 394 pixels (or 0.2 × 0.2 mm2 ) used in computation of cell map.

4.3. Cell Map Reconstruction
In order to understand the cellular architecture of the two hippocampal specimens in a common 3D space, the cell maps derived from each histology slide image were reconstructed
into the space of the postmortem MRI atlas. The cell maps were first converted to the
Neuroimaging Informatics Technology Initiative (NIfTI) format, with image header transformations defined in order to exactly position each cell map pixel at its corresponding
6

Deep to the pyramidal layer of CA is the stratum oriens, which primarily contains non-myelinated axons
and basal dendrites of pyramidal cells. The deepest layer of CA is the alveus, which contains myelinated
axons of pyramidal cells. Just superficial to the pyramidal layer is the stratum radiatum, characterized by
densely packed apical dendrites of pyramidal cells, unmeyelinated mossy fibers, and Schaffer collateral axons.
The stratum lacunosum-moleculare forms the most superficial layer of CA; apical dendrites of pyramidal
cells and perforant pathway fibers course through it. As previously mentioned, the moleculare strata of CA
and DG are apposed to each other, separated by the vestigial hippocampal sulcus. In DG, the stratum
granulare of densely packed ovoid granule cells forms the next most superficial layer. This is followed by
a layer of polymorphic cells that are situated within a concave region known as the dentate hilus, which
encloses CA3 pyramidal cells.
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Figure 53: Statistical maps of neuronal cell body morphology computed on sample histology
slide: (A) Block MRI section resampled to (B) histology slide, shown overlaid with mask of
pyramidal cell layer; (C) cell density (unitless); (D) average cell size (µm2 ); (E) cell count;
(F) average cell eccentricity; (G) average cell orientation angle (degrees); (H) average cell
perimeter (µm).
location in native histology slide space. The NIfTI images were then stacked and warped
using reconstruction and groupwise registration transformations that had been applied to
take histology images into the atlas space. Figure 54 summarizes the five stages of transformations that were applied to the cell maps. The first set of transformations warped the
maps (and histology) into the space of the whole-hippocampal MR images; the second set
warped the maps into the postmortem atlas space. All deformable transformations were
concatenated in order to accomplish the entire transformation chain in two resampling steps.
In the first stage of this pipeline, the histology slides were reconstructed in 3D and coregistered to the corresponding block MRI using HistoloZee (Section A), a custom-built
interactive registration tool that permits real-time transformation and fusion of large, multimodal image datasets. Registration to the whole-hippocampus MRI space was initialized
with manually defined point landmarks, then refined using the Automated Normalization
Tools (ANTs) software package, as described in Section 3.3.6.1. Figure 55 shows the reconstruction of all histology slides, manually-defined subregion segmentation labels, and cell
body maps from the subject’s right hippocampus into the space of the whole-hippocampus
MRI. The histology slides and cell maps are warped out-of-plane by the deformable transfor125
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Figure 54: Summary of transformations applied to map histology slide images into postmortem MRI atlas space
mations used for co-registration of the block MRI to the whole-hippocampus MRI. The cell
body density map is additionally shown in this space as a volumetric rendering in Figure 56.
Groupwise registration of the whole-hippocampus MRI to the common atlas space was
done using our hybrid surface-volumetric registration method. As described in detail in
Section 3.3.3, the method was designed to explicitly align segmentations of the stratum radiatum and stratum lacunosum-moleculare (SRLM) lamina and the hippocampal boundary
specimens. The cell density maps of the left and right hippocampi of the studied subject
are shown in Figure 57 following warping to the space of the postmortem atlas.
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Figure 55: Reconstructions of histology and neuronal cell body maps of right hippocampus
into the 3D space of the (A) postmortem MRI; (B) histology overlaid with manuallyderived subregion labels; (C) map of average cell body size cell size (µm2 ); (D) map of cell
body density (unitless).

Figure 56: Volumetric rendering of neuronal cell body density map of right hippocampus
following reconstruction into postmortem MRI space (hippocampus boundary shown as
semi-transparent surface)
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Figure 57: Reconstructions of neuronal cell body density maps into the 3D postmortem
MRI atlas space: Sagittal and coronal views of the (A) MRI atlas template image and the
cell density maps for (B) right and (C) left hippocampi.
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4.3.1. Hippocampal Subregional Cell Morphology
After three-dimensional reconstruction, the morphology and distribution of neuronal cell
bodies were studied in the hippocampal subregions. Histograms of the cell maps were
computed on a voxel-wise basis within the subfields CA1/2/3, the molecular layer of the
dentate gyrus (DG-m), and the subiculum. Separate sets of histograms were computed the
left and right hippocampi (Figures 58 and 59) using the subject’s own manually-defined
subregion label masks.7 The mean map values corresponding to these plots are reported in
Tables 10 and 11.
Count
Density
Avg. size (µm2 )
Avg. perimeter (µm)
Avg. perimeter/size (1/µm)
Avg. eccentricity
Avg. elongation

CA1
7.15 (4.29)
0.18 (0.06)
110.64 (49.56)
0.02 (0.02)
41.29 (14.84)
0.67 (0.20)
1.52 (0.50)

CA2
11.96 (6.24)
0.16 (0.05)
149.51 (59.30)
0.05 (0.03)
50.62 (15.91)
0.72 (0.18)
1.77 (0.51)

CA3
9.86 (6.65)
0.16 (0.06)
120.28 (61.96)
0.04 (0.03)
42.16 (17.56)
0.66 (0.23)
1.53 (0.59)

DG-m
13.28 (11.90)
0.18 (0.06)
105.75 (54.32)
0.04 (0.04)
39.64 (14.71)
0.64 (0.19)
1.45 (0.44)

SUB
9.15 (6.89)
0.19 (0.06)
96.99 (51.82)
0.02 (0.02)
38.40 (15.25)
0.68 (0.20)
1.61 (0.55)

Table 10: Means (and standard deviations) of neuronal cell body map values within subfields
of the right hippocampus

Count
Density
Avg. size (µm2 )
Avg. perimeter (µm)
Avg. perimeter/size (1/µm)
Avg. eccentricity
Avg. elongation

CA1
9.92 (4.86)
0.19 (0.04)
109.77 (35.02)
0.03 (0.02)
42.21 (8.96)
0.72 (0.10)
1.65 (0.29)

CA2
17.62 (7.49)
0.18 (0.03)
150.05 (43.37)
0.07 (0.03)
50.90 (9.54)
0.76 (0.05)
1.83 (0.25)

CA3
15.93 (6.15)
0.18 (0.03)
127.87 (38.06)
0.06 (0.03)
45.54 (8.02)
0.73 (0.05)
1.73 (0.23)

DG-m
17.84 (11.00)
0.20 (0.03)
96.62 (32.34)
0.05 (0.03)
38.52 (7.65)
0.68 (0.07)
1.54 (0.18)

SUB
12.42 (6.61)
0.21 (0.04)
100.81 (38.20)
0.03 (0.02)
40.52 (9.56)
0.73 (0.10)
1.71 (0.30)

Table 11: Means (and standard deviations) of neuronal cell body map values within subfields
of the left hippocampus

7

The histograms in Figure 58 were smoothed by a cubic B-spline kernel; those in Figure 59 were not
smoothed.
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(G)

(H)

Figure 58: Normalized histogram distributions of neuronal cell body maps within subfields
of right hippocampus: (A) Cell count, (B) size (µm2 ), (C) perimeter (µm), (D) perimeter
to size ratio (1/µm), (E) density, (F) eccentricity, (G) elongation factor, (H) orientation
angle (degrees)
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Figure 59: Normalized histogram distributions of neuronal cell body maps within subfields
of left hippocampus: (A) Cell count, (B) size (µm2 ), (C) perimeter (µm), (D) perimeter
to size ratio (1/µm), (E) density, (F) eccentricity, (G) elongation factor, (H) orientation
angle (degrees)
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4.4. Discussion
We have conducted a large-scale mapping study of hippocampal neuronal cytoarchitecture
in one subject and we have demonstrated the feasibility of transforming this data into a
common atlas space. This project demonstrates a unique way of analyzing microstructure
of the hippocampal region and of relating findings across subjects. We believe that several
insights may be gleaned from this work and that it may lead to new research directions.
The neuronal cell body masks (e.g. Figures 50 and 51) visually enhance patterns of cell
shape and distribution that could otherwise be overlooked when examining raw histology:
At high magnification, such spatial patterns are not readily apparent, whereas at low magnification there is often insufficient contrast to identify them. For instance, Figure 51(B,C,D)
highlights changes in pyramidal cell density, size, orientation, and layer thickness near subfield transition zones. Also, distinct cell islands and layers emerge in Figure 51(E,F) near
the CA1/subiculum transition.
The cell maps, illustrated in Figure 53 served to quantify visual patterns of cell shape and
distribution. Distinct differences in cell counts are seen between subfields, with CA2, CA3,
and DG-m generally having more cells per unit area than CA1 and the subiculum, in accordance with our prior manual histology segmentation protocol (Section 2.3.4). There is
significant cell size variability between the subfields, including a noteworthy bimodal distribution of cell size in the subiculum that likely corresponds to the deep and superficial
pyramidal layers. The CA1 pyramidal cells appear to exhibit a significantly tighter distribution in size, perimeter, and other metrics than other subregions, indicating that CA1
contains a more morphologically homogeneous collection of cells.
However, several important limitations exist in our analysis methods that may limit the
applicability findings such as these. We emphasize that this study is a proof-of-concept
demonstration of our general research approach and not a rigorous stereological study of
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the hippocampus, as has been performed by other investigator (e.g. Simic et al. (1997);
West et al. (1994)). For instance, in certain cases, the segmentation method was not able to
distinguish cell types (e.g. pyramidal, granular, glial) or to separate closely spaced cells of the
same type. Thus, the CA2 cell size is reported to be anomalously large, whereas this is most
likely due to their dense packing and hence poor separation by the method. A watershedbased segmentation method may yield superior performance in such cases. Additionally,
we used a simple threshold for removing small objects from map computations. A rigorous
method for handling cells sectioned off-center (a common occurrence in our imaging due to
the relatively thin slice thickness) could be implemented in order to properly account for
size mapping. We also note that cell map computation was affected by partial voluming
between regions. Density estimates may therefore have been low in certain regions of the
pyramidal cell layer, where the sliding averaging window (0.2 × 0.2 mm2 ) was larger than
the layer width.
Care should also be taken in interpreting the results of averaging map values within subfield
regions (Tables 10 and 11). We stress that the subfield labels themselves were defined based
on cellular architecture. Therefore, certain differences in cell map values are expected between the subfields. Additionally, the averaging process may obscure certain findings. For
instance, clear isotropy in pyramidal cell layer orientation (i.e. long axis oriented perpendicular to the archicortical layers), is not captured when averaging the orientation angles
over the curved CA.

4.4.1. Future Work
Beyond addressing the specific limitations discussed above in future work, several potentially high-impact studies could result from the methods presented in this chapter. These
studies could integrate information at the microscopic and macroscopic levels through the
postmortem atlas, with the goal of improving understanding of subfield and pathology distribution in relation to both cellular and gross anatomical features in the hippocampus. In
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particular, we propose the following studies:
(i) Relate cellular and subfield distributions to macroscopic MRI features in the
atlas. The majority of in vivo subfield-specific MRI studies demarcate the subfields using
protocols based on intensity and geometrical features seen in MRI. Future work could investigate the geometrical consistency of subfield boundaries in these protocols by reproducing
frequently used landmarks from several protocols (e.g. Bonnici et al. (2012); Henry et al.
(2011); Mueller et al. (2007); Wisse et al. (2012), among others) in our postmortem atlas
space, then studying the consistency of these landmarks with respect to the subfields and
cell map distributions. Such a study would aim to understand the cellular features that correspond to macroscopic anatomical landmarks used in segmentation protocols. For example,
the commonly used dark band (i.e. stratum radiatum and stratum lacunosum-moleculare,
or SRLM) label could be related to cell layers in the histology. Similar investigations could
be made for the CA1/CA2 transition zone (recognized macroscopically by narrowing of
the CA gray matter) and the CA1/SUB transition zone (recognized with respect to DG
landmarks and other geometrical rules). Because transitions between subfields encompass
zones of intermediate cell shapes and densities, future work may in fact reveal that fuzzy
boundaries are better suited to representing the transitions than discrete labels.
(ii) Relate cellular features and pathology distribution in the atlas with measures of cross-sectional and longitudinal volume differences in cohorts of mild
cognitive impairment (MCI) and Alzheimer’s disease (AD) patients. Discrete
transitions between labels may not be best suited to representing subfield boundaries. Transitions between subfields encompass zones of intermediate cell shapes and densities that
may be more appropriately represented by fuzzy subfield labels boundaries in a future atlas. Correlating these features with macroscopic changes derived from in vivo MRI analysis
may lead to more relevant inferences than the current approach of integrating macroscopic
changes over discrete subfield labels.
Our research group is actively investigating relationships between cognitive measures and
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cross-sectional differences and longitudinal changes seen in MCI and AD populations (Yushkevich et al., 2015b). Future work could correlate maps of volume and thickness changes
(obtained from the analysis of T2-weighted MRI from the Alzheimer’s Disease Neuroimaging Initiative and our own institute’s datasets) to maps of cytoarchitectonics—and even
of pathology. By allowing the study of AD-related changes in relation to cellular data
in 3D, our atlas could help lead to more specific staging schemes for the disease. Our
group is investigating how to use ex vivo MRI as an intermediate modality for the mapping of cytoarchitectonic data from our atlas into in vivo MRI, such as may be acquired in
population-based studies. We are also studying the relationships between in vivo and ex
vivo MRI of the same subjects (Wisse et al., 2016). Figure 60 shows a pilot result of recent
work in which data from the postmortem atlas is integrated with our group’s method for in
vivo segmentation: Automated Segmentation of Hippocampal Subfields (ASHS) (Yushkevich et al., 2015b).

Figure 60: Example mapping of histology-derived cytoarchitectural data from the postmortem hippocampal atlas into a target in vivo subject image. The target image (i) is first
segmented via multi-atlas label fusion (ii) with labeled in vivo images using ASHS. The
postmortem atlas template (iii) is then mapped to the target’s multi-atlas segmentation,
thereby transferring the postmortem atlas labels (iv) to the target, as well as the map of
neuronal cell body density (v).
(iii) Characterize the variability of AD-related tau and Aβ pathology distribution in the atlas. We have been acquiring histology stained for tau and amyloid beta
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(Aβ) pathology in addition to the anatomical Klüver-Barrera stains for the postmortem
atlas specimens (e.g. Figure 61). Future work could model the distributions of tau (which
forms intracellular, mis-folded aggregates in AD) and of Aβ (a component of extracellular
senile plaques in AD) pathology in the atlas. The pathology distributions could then be
correlated with hippocampal volumetric data in both the atlas cohort and in in vivo studies.
By integrating information at the microscopic and macroscopic levels and by permitting the
mapping of AD-related changes in relation to cellular data in 3D, this work could potentially
lead to more specific staging schemes for AD.

Figure 61: Histology slides acquired at approximately same coronal level of hippocampal
body from subject with confirmed Alzheimer’s disease: Stained for (A, D) neuronal cell
bodies and myelin with the Klüver-Barrera method, (B, E) tau protein using AT8 antibody,
and (C, F) amyloid-β plaques using 4G8 antibody. Bottom row shows detail of subfield
CA1 at 10× magnification.
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CHAPTER 5

Conclusions

5.1. Summary of Contributions
This section briefly summarizes the scientific contributions reported in Chapters 2, 3, 4,
and Appendix A of this dissertation by revisiting the claims made in Section 1.2.
Claim 1: Application: The first three-dimensional reconstruction of densely acquired histological sections of the hippocampus.
One of the two main contributions of Chapter 2 was a detailed, 3D reconstruction of the
human hippocampal formation from histology and high-resolution, postmortem MRI of the
same specimen. The successful reconstruction confirmed the feasibility of our image acquisition and analysis methods. The mapping of histology into 3D postmortem MRI space was
a necessary technical step for building our atlas of the hippocampus from multiple samples
that relates MRI appearance to cytoarchitecture.
Claim 2: Application: Parcellation of the hippocampal subfields in postmortem MRI using
reconstructed histology.
The second main contribution of Chapter 2 was the segmentation of hippocampal subfields
in the postmortem reference MRI based on cytoarchitectonic features mapped directly from
histological imaging. This is the first known 3D segmentation of the subfields in MRI
obtained through a direct transfer of histological labels.
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Claim 3: New method: An interactive tool to facilitate initialization of 3D histology reconstruction and segmentation of hippocampal subfields.
Appendix A gives an overview of the HistoloZee software, which was used extensively during
histological reconstruction for the postmortem atlas. HistoloZee features multi-scale visualization of stacks of histology slides, as well as interactive manual and automated affine
alignment between slides and reference imaging. It permits fine-scaled alignment of ROIs
between slides, such as individual cell layers. MRI and histology can be viewed together
in a common 3D coordinate system, permitting interrogation of imaging data at multiple
orders of magnitude of scale.
By enabling interactive reconstruction of large datasets, HistoloZee addresses a major need
towards correlating microscopic and macroscopic anatomy in both qualitative and quantitative studies. We believe that the software will be a valuable contribution to the postmortem
imaging community, as it has already been met with enthusiasm by over thirty institutions.
We hope that the software will be used by histologists and imagers who seek to integrate
histology into their 3D image analysis workflows.
Claim 4: New method: New method for groupwise image registration that is tailored to
postmortem MRI of the hippocampus.
Chapter 3 presented a new method for groupwise registration of postmortem MRI of the
hippocampus that consisted of (i) initialization by cm-rep model fitting to the hippocampus
boundary, (ii) shape-based parameterization of the hippocampus volume by modeling of the
SRLM surface, and (iii) intensity-based refinement within a diffeomorphic framework. A
novel contribution of this work was the spherical parameterization method used to model the
hippocampus. To our knowledge, no prior work has explicitly modeled the SRLM surface,
which forms a skeleton-like core within the hippocampal gray matter, for hippocampal
image registration.
Claim 5: Application: Generation of a computational, postmortem atlas of the human
hippocampus from postmortem MRI and densely acquired histology that represents the
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probabilistic distribution of the hippocampal subfields.
Also presented in Chapter 3, this is the primary contribution of the dissertation. The
atlas was generated using our MRI groupwise registration and histological reconstruction
methodology. The atlas describes the anatomical variability in the distribution of hippocampal subfields relative to the variability in overall hippocampal shape and MRI appearance
in multiple specimens.
Claim 6: New method: A novel approach to mapping cytoarchitectonic features in 3D.
Chapter 4 presents a pipeline to reconstruct maps of cellular features from histological
imaging into the postmortem MRI atlas space. This work represents a prerequisite step in
our long-term goal of understanding hippocampus morphological changes due to aging and
disease—as measured on in vivo imaging data—in relation to cytoarchitectural features in
our postmortem atlas that are derived from ex vivo imaging.

5.2. Discussion
In light of growing interest in subregional hippocampal image analysis, our postmortem
atlas could have several impactful applications in the neuroimaging community. The atlas
could generate a wealth of data on the variability of anatomy and its correlation with
clinical and pathological factors. As such, it could stand alone as a useful tool in basic
and clinical research. And by relating cytoarchitectonic information from histology and
MRI appearance throughout the hippocampus and at any cross-section, the atlas may be a
significantly richer resource than printed atlases for guiding the development of more valid
in vivo MRI segmentation protocols, as has been done for the whole hippocampus (Boccardi
et al., 2015; Frisoni and Jack, 2011).
Many subfield-level protocols have been proposed in the literature, but the rules that they
use to define boundaries are sometimes strikingly different. Another major limitation of
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prior studies is the lack of subregion segmentation coverage in the hippocampal head and
tail (e.g. Mueller et al. (2007); Yushkevich et al. (2009)). Restricting analysis to the hippocampal body potentially decreases sensitivity and specificity of studies of aging and neurodegenerative disease, where variable effects to subregions are seen along the entire length
of the structure (Malykhin et al., 2008). Furthermore, the relative proportions of hippocampal subfields vary along the longitudinal axis (Malykhin et al., 2010). Thus, exclusion of
head or tail can lead to erroneous results or otherwise unexplained strength of findings in
certain regions (Das et al., 2011).
Variability in published subfield segmentation protocols reinforces the need for harmonization of methods. However, harmonization of even whole-hippocampal segmentation has
proven challenging due in part to the use of arbitrary, non-anatomic delineation rules. In
meta-analyses by Geuze et al. (2004) (71 protocols reviewed) and by Konrad et al. (2009)
(60 protocols), hippocampal segmentation protocols were found to differ on many fronts,
from delineation of boundaries to anatomical definitions themselves. As pointed out by
Jack et al. (2011), differences in analysis and anatomical segmentation methodology, rather
than underlying biology, are likely responsible for large variability in whole-hippocampal
volume differences and atrophy rates among studies of elderly controls: Whole-hippocampal
volume differences vary by up to twofold (Geuze et al., 2004) and atrophy rates vary by up
to threefold (Barnes et al., 2009).
There is a growing number of studies investigating subfield-specific changes in AD, but there
is doubtless variability amongst their findings due to methodology. A harmonized protocol
would eliminate heuristic rules as much as possible, thereby increasing segmentation accuracy and reliability. It would also increase confidence in clinical results and potentially
sort out contradictory findings in the literature. Creation of a reference atlas dataset is
among the requirements recently elaborated for the standardization of whole-hippocampal
volumetry as a biomarker of AD and for its ultimate use in clinical trials and for diagnosis (Jack et al., 2011). By linking MRI appearance to microscopic features, our atlas could
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potentially serve as a reference dataset for the subfield segmentation harmonization effort
(http://www.hippocampalsubfields.com).
The atlas also has the potential to serve as an anatomically detailed reference space for
imaging studies of hippocampal structure and function by providing prior knowledge on
subfield location and shape. The atlas may prove particularly valuable for functional studies of memory and dementia, where inferences are often made using basic models of the
hippocampus. With more accurate measurement of volume and shape changes at the subfield level, more sensitive and specific biomarkers of hippocampal atrophy may be obtainable
than are possible with whole-hippocampus measures. In AD clinical pharmaceutical trials,
this could lead to better cohort selection and treatment effect monitoring. And by permitting the mapping of AD-related changes in relation to microscopic data in 3D, our atlas
could potentially lead to more specific staging schemes for AD.
The hippocampus is not a homogeneous structure and should not be modeled as such.
Its inner structures are specialized for different functions and have different susceptibilities
to disease. However, segmentation protocols and neuroimaging studies have until recently
evaluated the hippocampus a homogeneous structure, and this view has limited our understanding of its complex nature. We hope that our atlas, comprising a wealth of data on the
variability of hippocampal anatomy, to be a resource upon which others in the hippocampus
imaging community will expand and reference for their studies.
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APPENDIX A

HistoloZee: Software for Interactive Three-Dimensional
Histology Reconstruction

We have developed a software tool, called HistoloZee, for user-guided reconstruction of
series of histological slides into three-dimensional volumetric images. As discussed in Section 2.2.3, there exists substantial scholarship on automated methods for volumetric image
reconstruction from serial sections. However, despite this body of work, to our knowledge
there exists no freely available software tools for interacting with reconstructions of highresolution histological slides within the physical space of a reference image and for manipulating spatial transformations in real-time. HistoloZee offers a straight-forward graphical
user interface (GUI) that is ideally suited to these operations. It has proven essential in
our atlasing workflows for initializing existing automated reconstruction methods, manually
fine-tuning results of automated methods, and segmenting histological slides in volumetric
space. We believe that there is a strong need for such software within the histological
imaging community, particularly given the increasing use reconstruction and segmentation
of large histological datasets in multi-modality image analysis projects (e.g. Amunts et al.
(2013); Lein et al. (2006); Yelnik et al. (2007)).
HistoloZee was developed in conjunction with Dr. Paul Yushkevich in order to facilitate our
atlasing work and to distribute our atlas reconstruction and registration methods to other
investigators. HistoloZee has been released for free use, but is currently only available for
the Mac OS X operating system, version 10.7 or later8 .
8

HistoloZee may be obtained at http://picsl.upenn.edu/software/histolozee
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A.1. Motivation
HistoloZee provides a straightforward interface for interactive reconstruction of stacks of
large histology images (Figure 62). At the core of successful histology reconstruction lies
high quality slide-to-slide co-registration. The driving principle behind the development of
HistoloZee is that, despite their power and ubiquity in image analysis, automated registration methods have parameters that must be carefully tuned in order to perform well on
target datasets. We believe that interactivity with images and algorithms is beneficial to
facilitating reconstruction and co-registration of images to a reference space, particularly
for imagers without technical proficiency in registration algorithms.
mouse mode
selection

2D transformation
mode

3D transformation
mode

slide
sorter

automated registration
settings

live similarity
metric view

slide
properties

orthogonal
stack view(s)

main
slide view

Figure 62: Main window of the HistoloZee histology reconstruction software.
In reconstructing the histology of the hippocampus atlas (Section 3.3.6.1), manual interaction with image transformations proved beneficial in assuring the co-registration of subtle
features between slides and with MRI, as the automated methods used in our first study
(Section 2) were are prone to failure at several stages of reconstruction. Despite care-
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ful tuning of parameters and sophisticated numerical optimization, automated registration
frequently lacked sufficient capture range and prior knowledge required to align severely distorted images. This problem is compounded by large differences in imaging characteristics
among different histology studies (Simmons and Swanson, 2009), complicating efforts to
standardize registration optimization parameters. While expert users can assess and often
correct such deficiencies by repeatedly probing output and adjusting input parameters at
various stages of the reconstruction pipeline, such manipulations are not in the expected
scope of knowledge of most imaging scientists.

A.2. Software Functionality
Image Loading and Reconstruction Projects
Loading of very large (gigapixel) images in HistoloZee is done using the OpenSlide open
source C library (http://openslide.org) (Goode et al., 2013). OpenSlide supports several
common digital slide formats, including Aperio SVS, which is a customized format based on
the TIFF and JPEG 2000 standards that was used in our studies. In order to accommodate
viewing of stacks of large images, we implemented custom routines for caching image tiles
in both main memory (RAM) and graphics card video memory (VRAM). Caching allows
the user to pan and zoom the views without need for repeated disk reads.
Reconstruction projects are stored as text-based XML files that preserve slide meta-data,
transformations, and view options. HistoloZee is programmed in object-oriented C++ and
uses the Qt cross-platform application framework (http://www.qt.io) for the GUI and event
handling. The OpenGL Shading Language (GLSL) is used for accelerated image processing
and automated registration.
Visualization
The main HistoloZee interface features three orthogonal views of the histology reconstruc144

tion that are linked by a 3D cursor (Figure 63). The primary view is oriented parallel to the
slide faces and permits layering of slides with transparency and edge maps (Figure 64), thus
enabling concurrent viewing of slides with different immunohistochemical stains. The three
orthogonal views are nominally oriented along axial, coronal, and sagittal planes, though it
is possible to rotate two of them out-of-plane in order to assess correspondence of features
between slides that are not aligned with a cardinal axis. Histology and co-registered reference images can be superimposed in all views for visual comparison of the two modalities.
The 3D coordinate system in which reconstructions are generated and displayed have welldefined anatomical orientations and physical dimensions. This is the same system used by
the Insight Toolkit (ITK), and it is interoperable with most medical imaging software.
Slide Reconstruction and Transformation
The HistoloZee interface permits interactive manipulation of six-degree-of-freedom (DOF)
in-plane affine slide transformations (i.e. rotation, scaling, shearing, and translation) via
the mouse pointer or numerical entry. There is additional support for out-of-plane slide
translation. Slide ordering in the stack is implemented via a “drag-and-drop” interface.
All image transformation and resampling is implemented in HistoloZee in an accelerated
manner via the 3D GPU texturing hardware.
The software allows slide stacks to be integrated into the anatomical space of 3D reference
imaging. The reference data may be, for instance, an MRI anatomical template or a scan
acquired of the same tissue prior to sectioning. Registration with reference imaging (via
12-DOF affine transformation) permits recovery of true tissue shape and eliminates drift
of slices along stacking axis. There is a mouse “track-ball” interface for manipulating 3D
rotation and translation parameters, with real-time visual overlay of histology slices on
corresponding sections of the transformed reference.
Automated Co-Registration
The software has support for three basic automated affine registration modes:
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Figure 63: Screenshots of HistoloZee: (A) Slice of co-registered reference MRI at level of
corresponding (B, F) histology slide, also visualized as (C, D, E) edge overlays.
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Figure 64: Overlay of edges from two histology slides showing superimposed cell contours
on a third slide.
1. Histology slide-to-slide (2D-to-2D): register two slides using 2D affine transformations
2. Histology slide-to-reference image (2D-to-3D): register any slide to a 3D reference
image using 2D affine transformations
3. Reference image-to-histology slide stack (3D-to-3D): register a reference image to a
histology slide stack using 3D affine transformations
All high-bandwidth data transfers and compute-intensive components of registration are
implemented on the GPU (Figure 65). This is achieved by loading the fixed and moving
images into GPU texture memory and using the graphics texturing hardware and parallel
processing shaders for accelerated affine image transformation, trilinear interpolation, and
similarity metric computation (Adler, 2011).
Supported similarity metrics are mean-squared error (MSE), normalized cross-correlation
(NCC), and normalized mutual information (NMI). Feedback of registration progress is
provided to the user by live rendering of either the similarity metric image (for MSE and
NCC) or the joint image histogram (for NMI). This feature is useful for evaluating registra147
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Figure 65: Core components of the iterative registration cycle, with shaded components
executed on the graphics processing unit (GPU) in HistoloZee.
tion quality and for pinpointing locations of objective function mismatch. The open-source
NLopt library (http://ab-initio.mit.edu/wiki/index.php/NLopt) is used for nonlinear numerical optimization of the similarity metric.
Manual Vector-Based Segmentation
A vector-graphics drawing mode is provided to define open and closed polygonal regions of
interest (ROI) on full-resolution histology slides (Figure 66). Vertices of ROIs are stored as
2D vectors relative to local slide coordinates, and are therefore transformed along with slides
throughout all stages of reconstruction: Any number of transformations can be applied to
vertex coordinates without loss of segmentation fidelity through resampling of rasterized
masks, which can lead to degradation of boundary fidelity. Each ROI is assigned a segmentation label that contains a unique identifier and descriptive text. ROIs can be imported
and exported from XML-based scalable vector graphics (SVG) format files. Thus, labels can
be viewed or modified by external software applications. We have found that the coupling
of segmentation with reconstruction in HistoloZee facilitates the tracking and comparison
of features between aligned slides.
Data Export and Interoperability
Histology reconstruction projects are stored in XML format, with tags specific to each im148
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Figure 66: Example segmentation of a histology slide: (A) Segmentation regions, (B)
histology, (C) reference MRI, (D) zoomed-in histology showing cells.
age’s transformation and view properties. Segmentation regions are stored in SVG format,
which is interoperable with most vector-graphics editing software. Three-dimensional ROIs
of reconstructed stacks can be exported at any resolution to the NIfTI format, which is
interoperable with most medical imaging software packages. In this format, a 12-parameter
affine matrix describes the mapping from the stack to anatomical ‘world’ coordinates.

A.3. Future Work
Future releases of HistoloZee may support the following functionality:
• Integration with the Advanced Normalization Toolkit (ANTs) or other software for
access to more advanced registration algorithms.
• Built-in support of advanced landmark- and intensity-based non-linear registration.
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• Masking of slides in order to eliminate debris and to constrain similarity metric computation in automated registration.
• Automated cell and tissue segmentation.
• Correction of intra- and inter-slide intensity non-uniformity due to staining inhomogeneity, staining variation, photographic exposure, or calibration issues.
• Repairing of slide tears and other non-linear defects.
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APPENDIX B

Groupwise Registration for Hippocampus Atlas Generation

Building the atlas of the hippocampus from our high-resolution imaging necessitated a registration method based upon careful consideration of the structure’s anatomy. Hence, we
have developed methods that explicitly match two anatomically relevant surfaces, these being the boundary of the external hippocampal gray matter and the boundary of the internal
SRLM cell layers. For both the hippocampus and SRLM, an initial mask was generated
using a semi-automated segmentation method that is then manually refined according to
a protocol based upon intensity and geometrical rules. This protocol was intended to be
simple to apply and to replicate among subjects. The semi-automated component of our
segmentation method was necessary due to the large number of image slices requiring labeling.

B.1. Shape-Based Parameterization using the Continuous Medial
Model Representation (cm-rep)

A cm-rep deformable model represents the shape of a structure by means of its geometric
skeleton surface, which is represented by a medial mesh m, as well as a pair of boundary
meshes b± that are derived from m via inverse skeletonization (Yushkevich, 2009; Yushkevich
et al., 2006c). Modeling with cm-reps defines a 3D coordinate system within a structure
by means of radial spokes that extend orthogonally from the boundary meshes towards
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the medial mesh. Every point x within the structure is assigned unique, smoothly varying
coordinates (ξ(x), u(x), v(x)), where (u(x), v(x)) is the point on m intersected by the spoke
corresponding to x and where ξ(x) is the relative distance of x along the spoke between m
and the boundary b+ or b− .
Let T be a template cm-rep model with parameterization (ξ, u, v) that is deformed to fit an
anatomical structure in target images Ii (1 ≤ i ≤ N ), with the deformed templates denoted
Ti . We define diffeomorphic transformations
ψicmrep : T → Ti

(B.1)

such that x ∈ T (all points x within the boundary of T ) and ψicmrep (x) ∈ Ti have the same
cm-rep coordinates:

(ξ(x), u(x), v(x)) = (ξ(ψi (x)), u(ψi (x)), v(ψi (x)))

(B.2)

In this work, we used the same cm-rep template T as in our the prior atlas (Yushkevich
et al., 2009). The template consisted of medial and boundary meshes with 1584 and 3168
triangular faces, respectively, and it was fit to the binary segmentation of the gray matter of each of the 26 hippocampi in our present study using a sequence of one affine and
two deformable co-registration stages. Fitting of cm-reps was based on maximization of
a likelihood term equal to volume overlap between the deformed template and target HC
boundaries. The hippocampus segmentations, abbreviated in this paper as HC, were generated through a combination of multi-atlas segmentation and both manual and automated
refinement steps. Appendix B.2 gives details regarding the creation of the segmentations.
Prior term were used to enforce inverse skeletonization constraints and to minimize local
surface area distortion of the deformed medial model.
The initial reference space of the atlas was defined by computing the mean of all deformed
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cm-rep models Ti following Procrustes alignment of their medial meshes to the undeformed
medial mesh of T . All input images were then warped to this reference space by interpolating
along the radial spokes according to the diffeomorphic cm-rep correspondences.

Figure 67: Medial manifold mesh of hippocampus template cm-rep rendered with (A) u
and (B) v coordinates. The cm-rep boundary mesh is rendered with transparency.

Figure 68: Template cm-rep warped to mean cm-rep reference space of the input hippocampal MR images: (A) boundary rendered with radial coordinate ξ; medial mesh rendered
with (B) u and (C) v coordinates

B.2. Semi-Automated Hippocampus Segmentation
The mask of the hippocampus boundary, abbreviated in this work as HC, was defined to
encompass the entire length of the gray matter structure, including CA, DG, the posterior segment of the uncus, and a portion of the subiculum. Segmentation was carried out
in the whole-hippocampus, 9.4 T, T2/PD-weighted postmortem MRI according to the detailed anatomical descriptions of hippocampal boundaries provided in the atlas of Duvernoy
(2005).
In our study’s imaging, the hippocampal gray matter was clearly demarcated against the
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surrounding hypo-intense cerebral spinal fluid (CSF) of the lateral ventricle and white matter of the MTL external to the hippocampus, which were not included in the HC mask. In
the hippocampal head, the mask included the internal, external, and vertical digitations of
CA, the uncinate gyrus, and the uncal apex. White matter of the parahippocampal gyrus
(PHG), the alveus, and the fornix were not included in HC, unless their borders with hippocampal gray matter could not be distinguished due to partial voluming. The superficial
part of the hippocampal sulcus was not included; however, its vestigial (deep) part and the
sulci between the external digitations were included, as was the uncal sulcus. In the postmortem MRI, it was not possible to see the anatomical boundaries between the components
of the subiculum or the boundary between the subiculum and ERC. Therefore, in order to
ensure geometrical consistency between segmentations given the large anatomical variation
present in our atlas set, the medial border of the HC mask in the hippocampal body and
anterior tail were demarcated by a straight line perpendicular to the PHG cortex that intersected the medial-most point of DG. As a result of this rule, a variable length portion
of the subiculum was included in the HC mask. The most caudal slice of hippocampal tail
was defined as that in which the last ovoid shape of hippocampal gray matter was visible
inferomedial to the trigone of the lateral ventricle.
We also referenced the EADC-ADNI Harmonized Protocol for Manual Hippocampal Segmentation9 (Boccardi et al., 2015) in performing our manual segmentations. However, our
procedure differed from the EADC-ADNI Harmonized Protocol in two major ways: exclusion of alveus and fimbria and use of a geometrical rule for defining the medial border of
the hippocampal body and anterior tail, which bore resemblance to the method of Convit
et al. (1997).
Segmentation of the hippocampus was done in three steps. First, rough initial masks of the
HC were delineated manually by D.H.A. in the postmortem MRI using ITK-SNAP (Yushke9

The user manual of the joint European Alzheimer’s Disease Consortium-Alzheimer’s Disease Neuroimaging Initiative (EADC-ADNI) Harmonized Protocol for Manual Hippocampal Segmentation is available at
http://www.hippocampal-protocol.net
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vich et al., 2006b). Care was taken to ensure that these initial masks did not over-segmented
the anatomy (i.e. no tissue external the hippocampal gray matter was included). This task
took approximately two hours per image. Next, the initial masks were refined using a
multi-atlas segmentation approach similar to the one described in Section 3.3.5.1. Briefly,
the 26 atlas images and their corresponding initial HC masks were treated as atlas image/label pairs that were used to sequentially re-segment each image using Joint Label
Fusion (JLF) (Wang et al., 2012) in a leave-one-out fashion. The JLF algorithm used
a local appearance window radius of five voxels and a local searching window radius of
three voxels. As in Section 3.3.5.1, image registrations were initialized using cm-rep model
fitting, then refined using the SyN diffeomorphic transformation model of ANTs (Avants
et al., 2008b) with the NCC metric at three resolution levels (100 × 50 × 25 iterations per
level). After all 26 images had been re-segmented, the updated 26 HC masks were replaced
as the new atlas labels and leave-one-out JLF segmentation was repeated. This procedure
was iterated five times, at which point the labels no longer changed appreciably.
Following JLF, the resulting HC masks were manually corrected by D.H.A. in order to clean
up residual errors. Manual correction took approximately three hours per image. As a final
step, the masks were further refined and smoothed using 25 level set iterations of active
contour evolution in ITK-SNAP. The mask contours were evolved towards a probability
map of the gray matter intensity, which was defined using a fuzzy threshold. The weight
modulating the curvature force on the contour was set to five times the weight of the external
velocity field force (i.e. β = 5α, per the definitions in Yushkevich et al. (2006b)), thereby
resulting in an overall smoothing effect. We estimate that the bootstrapped multi-atlas
segmentation approach, combined with active contour smoothing, saved us upwards of five
hours of manual segmentation labor per image. Surface renderings of the final HC masks
are shown for 25 MR images in Figure 69.
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Figure 69: Surface renderings of the hippocampus masks (HC) of 25 atlas specimens, shown
in the native image spaces

B.3. Semi-Automated SRLM Segmentation
The SRLM layers, defined as the stratum radiatum and stratum lacunosum-moleculare of
CA, the vestigial hippocampal sulcus, and the stratum moleculare of DG, contain few neuronal cell bodies and consist predominantly of neuronal dendrites and other white matter
fibers. These fibers course between cell layers and substructures of the hippocampus along
the superficial border of CA that interlocks with DG. Previous studies have primarily discussed the appearance of the SRLM in the body of the hippocampus or only on select 2D
slices (e.g. Boutet et al. (2014); Coras et al. (2014); Kerchner et al. (2010); Parekh et al.
(2015)). In this work, we segmented the SRLM along the entire length of the hippocampus,
including in the digitations of the head region.
In the postmortem MRI, we segmented the SRLM layers of CA that appeared hypo-intense
in relation to hippocampal gray matter. When distinguishable, we did not segment the
stratum moleculare of DG, which was hyper-intense in relation to the gray matter, as seen
in Figure 17 and reported in other studies that used comparable postmortem MRI contrasts
(e.g. Chakeres et al. (2005); Coras et al. (2014); Fatterpekar et al. (2002)). Hyper-intense
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cysts and susceptibility artifacts were excluded from the SRLM masks.
Segmentation of the SRLM was done in three steps. Recognizing that the SRLM forms
a curved sheet in three dimensions, an initial approximate segmentation was obtained by
application of sheetness filter that is designed to enhance the appearance of “sheet-like”
structures in 3D images. We used the Insight Toolkit (ITK) implementation of the filter
developed by Antiga (2007) that can more generally enhance M -dimensional structures
embedded in N -dimensional images, where M < N and in our case M = 2, N = 3. This
filter is based on analysis of the eigenvalues of the Hessian matrix derived from image
intensity and is closely related to the vesselness filter of Frangi et al. (1998). A first pass
of the filter was run after smoothing the images with a Gaussian of 0.25 mm standard
deviation. This scale was found to accentuate the dark sheet in our T2/PD-weighted MRI,
while suppressing other confounding structures and noise. To further accentuate the SRLM,
the sheetness filter output was re-run on the prior output ten more times, using Gaussian
standard deviations evenly distributed between 0.05 mm and 0.50 mm. The maximum filter
response was retained following the ten runs.
Next, a random forest classifier was used to clean non-SRLM voxels from the output of
sheetness filtering. For each subject, the normalized image intensities and sheetness output
image (both masked by HC to contain only hippocampal tissue) were input as features to the
classifier. Manual training labels for the SRLM, hippocampal gray matter, white matter,
and background space were manually drawn on ten evenly spaced slices along the length
of the hippocampus within the masked images. Approximately 500 voxels were labeled per
subject. The classifier was run with 50 trees and a binary SRLM mask was obtained by
thresholding the corresponding SRLM probability mask at 0.5 and keeping only the largest
connected component. Figure 70 shows results of sheetness filtering and random forest
classification on a coronal section at the level of the hippocampal head.
Finally, the masks output from random forest classification (e.g. Figure 70(D)) were manually corrected by D.H.A., taking approximately six hours per image. As with the HC
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Figure 70: Initial segmentation of the SRLM using sheetness filtering and random forest
classification on a coronal MRI section at the level of the hippocampal head: (A) MRI
slice; (B) sheetness filter output at 0.25 mm scale; (C) iterated sheetness filter output at
scales in [0.05, 0.50] mm; (D) random forest classification output.
masks (Section B.2), the SRLM masks were then refined using 25 level set iterations of
active contour evolution towards a probability mask of the mean SRLM intensity using a
predominantly curvature-based smoothing force achieved using relative weight coefficients
β = 5α. Only voxels contained within the interior of the HC mask were retained for the final
SRLM masks. Surface renderings of the final SRLM masks are shown for 25 MR images
in Figure 71. At their anterior ends, the surfaces appear both bent and torqued medially.
Corresponding renderings of the mid-potential surfaces (L0 ), computationally derived from
the SRLM and HC segmentations (Section 3.3.2), are shown in Figure 72.

Figure 71: Surface renderings of the stratum radiatum, stratum lacunosum-moleculare
(SRLM) masks of 25 atlas specimens, shown in the native image spaces
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Figure 72: Mid-potential surfaces (L0 ), computationally derived from SRLM and HC segmentations of 25 atlas specimens, shown in the native image spaces
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B.4. Evaluation of Groupwise Registration Strategies

B.4.1. Supplementary Figures

Figure 73: (A) Subject images deformed following groupwise registration using cm-rep
model fitting only; fractional overlap of all (B) HC and (C) SRLM segmentation masks
mapped to mean cm-rep reference space, with 1.0 denoting overlap of all masks. All images
are shown in axial cross-section at the same level of the hippocampal head in the reference
space.
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Figure 74: (A) Subject images deformed following groupwise registration using cm-rep
model fitting only; fractional overlap of all (B) HC and (C) SRLM segmentation masks
mapped to mean cm-rep reference space, with 1.0 denoting overlap of all masks. All images
are shown in sagittal cross-section at the same level of the hippocampal head in the reference
space.
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(A)

(B)

Figure 75: Comparison of coronal sections (taken at the same level through the hippocampal
head) of MR images of 25 subjects following mapping to the space of the (A) cm-rep
template Iˆcmrep via transforms {ψicmrep } and to the (B) final template Iˆ via {ψi }.

(A)

(B)

Figure 76: Comparison of coronal sections (taken at the same level through the hippocampal
body) of MR images of 25 subjects following mapping to the space of the (A) cm-rep
template Iˆcmrep via transforms {ψicmrep } and to the (B) final template Iˆ via {ψi }.
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(A)

(B)

Figure 77: Comparison of coronal sections (taken at the same level through the hippocampal
tail) of MR images of 25 subjects following mapping to the space of the (A) cm-rep template
Iˆcmrep via transforms {ψicmrep } and to the (B) final template Iˆ via {ψi }.
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B.4.2. Supplementary Tables
NCC(Ii , Ij )

Atlas
(Iˆcmrep , {ψicmrep })
(Iˆintensity , {ψiintensity })
(Iˆpotential , {ψipotential })
(Iˆshape , {ψishape })
ˆ {ψi })
final atlas: (I,

0.169
0.485
0.348
0.351
0.552

(0.047)
(0.058)
(0.067)
(0.072)
(0.058)

MSE(ρi , ρj )
0.577
0.470
0.166
0.248
0.308

MSE(θi , θj )

(0.079)
(0.079)
(0.032)
(0.040)
(0.054)

0.724
0.467
0.215
0.200
0.285

MSE(φi , φj )

(0.124)
(0.108)
(0.046)
(0.042)
(0.059)

0.266
0.197
0.123
0.047
0.086

(0.063)
(0.060)
(0.046)
(0.011)
(0.021)

Table 12: Evaluation of alignment of hippocampal imaging data following mapping to the
atlas reference spaces: Mean (and standard deviation) pairwise normalized cross-correlation
(NCC(Ii , Ij )) between MR images and pairwise mean squared error (MSE) between shape
maps ρ, θ, and φ.
ρ(x)

Atlas
ˆcmrep

(I
, {ψicmrep })
intensity
(Iˆ
, {ψiintensity })
potential
(Iˆ
, {ψipotential })
shape
(Iˆ
, {ψishape })
ˆ {ψi })
final atlas: (I,

1.343
1.422
1.462
1.448
1.442

θ(x)

(0.24)
(0.30)
(0.35)
(0.33)
(0.31)

1.247
1.278
1.348
1.334
1.326

(0.49)
(0.53)
(0.57)
(0.60)
(0.57)

φ(x)
−1

MRI

1.298·10 (0.12)
9.670·10−2 (0.12)
6.106·10−2 (0.10)
2.202·10−2 (0.045)
4.291·10−2 (0.069)

1.963·104
1.492·104
1.507·104
1.563·104
1.350·104

(1.2·104 )
(7.6·103 )
(7.9·103 )
(9.1·103 )
(6.1·103 )

Table 13: Evaluation of alignment of hippocampal imaging data following mapping to the
atlas reference spaces: Mean variance (and standard deviation of mean variance) of aligned
shape maps (ρ(x), θ(x), φ(x)) and MR images, computed within the hippocampus volume.
Atlas
(Iˆcmrep , {ψicmrep })
(Iˆintensity , {ψiintensity })
(Iˆpotential , {ψipotential })
(Iˆshape , {ψishape })
ˆ {ψi })
final atlas: (I,

SRLM
0.370
0.590
0.758
0.862
0.776

(0.069)
(0.089)
(0.040)
(0.028)
(0.061)

L0
0.779
0.827
0.965
0.960
0.899

(0.046)
(0.048)
(0.016)
(0.017)
(0.031)

HC
0.863
0.884
0.959
0.938
0.924

(0.021)
(0.023)
(0.008)
(0.010)
(0.015)

Table 14: Evaluation of alignment of hippocampal imaging data following mapping to the
atlas reference spaces: Mean (and standard deviation of mean) Dice similarity coefficient
(DSC) between binary masks of the SRLM, mid-potential (L0 ), and HC surfaces.
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SRLM

Atlas
(Iˆcmrep , {ψicmrep })
intensity
ˆ
(I
, {ψiintensity })
potential
ˆ
(I
, {ψipotential })
shape
ˆ
(I
, {ψishape })
ˆ {ψi })
final atlas: (I,

−1

1.099·10
6.109·10−2
3.824·10−2
2.254·10−2
3.350·10−2

L0
−2

(9.7·10 )
(8.3·10−2 )
(7.5·10−2 )
(5.6·10−2 )
(6.8·10−2 )

−1

1.052·10
7.028·10−2
1.671·10−2
1.848·10−2
4.478·10−2

HC
−2

(9.2·10 )
(8.6·10−2 )
(5.0·10−2 )
(5.3·10−2 )
(7.8·10−2 )

−2

5.858·10
5.482·10−2
1.973·10−2
2.826·10−2
3.795·10−2

(8.7·10−2 )
(8.2·10−2 )
(5.6·10−2 )
(6.7·10−2 )
(7.3·10−2 )

Table 15: Evaluation of alignment of hippocampal imaging data following mapping to the
atlas reference spaces: Mean variance (and standard deviation of mean) of aligned SRLM,
mid-potential (L0 ), and HC binary masks, computed within the hippocampal volume.
Atlas
(Iˆcmrep , {ψicmrep })
(Iˆintensity , {ψiintensity })
(Iˆpotential , {ψipotential })
(Iˆshape , {ψishape })
ˆ {ψi })
final atlas: (I,

DSC
0.333
0.477
0.671
0.769
0.569

(0.070)
(0.099)
(0.080)
(0.101)
(0.109)

d2
0.788
0.604
0.257
0.205
0.271

(0.209)
(0.190)
(0.035)
(0.039)
(0.065)

dH
4.669
4.391
1.783
1.786
2.154

(1.859)
(1.789)
(0.359)
(0.327)
(0.557)

Table 16: Mean (and standard deviation) of pairwise Dice similarity coefficient (DSC), 2norm mesh distance (d2 ), and Hausdorff mesh distance (dH ) between subject surfaces of
the SRLM in the five template spaces.
Atlas
(Iˆcmrep , {ψicmrep })
(Iˆintensity , {ψiintensity })
(Iˆpotential , {ψipotential })
(Iˆshape , {ψishape })
ˆ {ψi })
final atlas: (I,

DSC
0.602
0.582
0.681
0.690
0.766

(0.124)
(0.100)
(0.067)
(0.064)
(0.106)

d2
0.779
0.638
0.128
0.145
0.324

(0.232)
(0.208)
(0.035)
(0.036)
(0.080)

dH
4.346
4.128
1.323
1.485
2.013

(1.879)
(1.792)
(0.653)
(0.581)
(0.617)

Table 17: Mean (and standard deviation) of pairwise Dice similarity coefficient (DSC), 2norm mesh distance (d2 ), and Hausdorff mesh distance (dH ) between subject mid-potential
surfaces in the five template spaces.
Atlas
(Iˆcmrep , {ψicmrep })
(Iˆintensity , {ψiintensity })
(Iˆpotential , {ψipotential })
(Iˆshape , {ψishape })
ˆ {ψi })
final atlas: (I,

DSC
0.743
0.845
0.918
0.851
0.909

(0.155)
(0.092)
(0.105)
(0.150)
(0.027)

d2
0.610
0.537
0.210
0.297
0.376

(0.095)
(0.095)
(0.036)
(0.049)
(0.061)

dH
3.165
3.019
2.074
2.385
2.577

(0.539)
(0.548)
(0.741)
(0.621)
(0.606)

Table 18: Mean (and standard deviation) of pairwise Dice similarity coefficient (DSC), 2norm mesh distance (d2 ), and Hausdorff mesh distance (dH ) between subject surfaces of
the hippocampus in the five template spaces.
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APPENDIX C

Subfield Segmentation in Histology Slices

The figures below illustrate labeled histological slices from a single human hippocampal
formation (HF) specimen. The segmentation were defined by John Pluta, M.S., a co-author
on our joint paper on the histology reconstruction and annotation study ( (Adler et al.,
2014)).
The HF is loosely divided into three sections (head, body, and tail) based on macroscopic
features (e.g. the uncal apex in the head and digitations of region CA in the tail). A total
of 15 slices are displayed, most showing the hippocampal head in order to demonstrate the
complex changes throughout the structure. The set of anatomical labels included in this
segmentation are listed in Table 19:
CA1
CA2
CA3
DG
SUB
SRLM-HS
Table 19: Hippocampal subfield segmentation label color scheme. (CA: cornu Ammonis,
DG: dentate gyrus; SUB: subiculum; SRLM-HS: stratum radiatum, stratum lacunosummoleculare and hippocampal sulcus
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Figure 78: Slide 1: Labeled histology at level of hippocampal head

Figure 79: Slide 2: Labeled histology at level of hippocampal head

Figure 80: Slide 3: Labeled histology at level of hippocampal head
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Figure 81: Slide 4: Labeled histology at level of hippocampal head

Figure 82: Slide 5: Labeled histology at level of hippocampal head

Figure 83: Slide 6: Labeled histology at level of hippocampal head
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Figure 84: Slide 7: Labeled histology at level of hippocampal head

Figure 85: Slide 8: Labeled histology at level of hippocampal head

Figure 86: Slide 9: Labeled histology at level of hippocampal head
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Figure 87: Slide 10: Labeled histology at level of hippocampal head

Figure 88: Slide 11: Labeled histology at level of hippocampal body

Figure 89: Slide 12: Labeled histology at level of hippocampal body
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Figure 90: Slide 13: Labeled histology at level of hippocampal tail

Figure 91: Slide 14: Labeled histology at level of hippocampal tail

Figure 92: Slide 15: Labeled histology at level of hippocampal tail
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Graf W., Tringali G., Blümcke I., Villani F., Didato G., Frassoni C., Spreafico R., and
175

Garbelli R. 7T MRI features in control human hippocampus and hippocampal sclerosis:
an ex vivo study with histologic correlations. Epilepsia, 55(12):2003–2016, 2014.
Csernansky J., Wang L., Swank J., Miller J., Gado M., McKeel D., Miller M., and Morris
J. Preclinical detection of Alzheimer’s disease: hippocampal shape and volume predict
dementia onset in the elderly. Neuroimage, 25(3):783–792, 2005.
Csernansky J. G., Joshi S., Wang L., Haller J. W., Gado M., Miller J. P., Grenander U.,
and Miller M. I. Hippocampal morphometry in schizophrenia by high dimensional brain
mapping. Proc Natl Acad Sci, 95(19):1140611411, 1998.
Das S. R., Mechanic-Hamilton D., Pluta J., Korczykowski M., Detre J. A., and Yushkevich
P. A. Heterogeneity of functional activation during memory encoding across hippocampal
subfields in temporal lobe epilepsy. Neuroimage, 58(4):1121–1130, 2011.
Das S. R., Avants B. B., Pluta J., Wang H., Suh J. W., Weiner M. W., Mueller S. G., and
Yushkevich P. A. Measuring longitudinal change in the hippocampal formation from in
vivo high-resolution T2-weighted MRI. Neuroimage, 60(2):1266–1279, 2012.
Dauguet J., Delzescaux T., Cond F., Mangin J. F., Ayache N., Hantraye P., and Frouin
V. Three-dimensional reconstruction of stained histological slices and 3D non-linear registration with in-vivo MRI for whole baboon brain. J Neurosci Meth, 164(1):191–204,
2007a.
Dauguet J., Peled S., Berezovskii V., Delzescaux T., Warfield S. K., Born R., and Westin
C. F. Comparison of fiber tracts derived from in-vivo DTI tractography with 3D histological neural tract tracer reconstruction on a macaque brain. Neuroimage, 37(2):530–538,
2007b.
Dawe R. J., Bennett D. A., Schneider J. A., Vasireddi S. K., and Arfanakis K. Postmortem
MRI of human brain hemispheres: T2 relaxation times during formaldehyde fixation.
Magn Reson Med, 61(4):810–818, 2009.
Destrieux C., Bourry D., and Velut S.
rochirurgie, 59:149–158, 2013.

Surgical anatomy of the hippocampus.

Neu-

Ding S.-L. Detailed segmentation of human hippocampal and subicular subfields using a
combined approach. Neuroscience Communications, 1(1):9pp, 2015.
Ding S.-L. and Van Hoesen G. Organization and detailed parcellation of human hippocampal head and body regions based on a combined analysis of cyto- and chemoarchitecture.
J Comp Neurol, 523(15):2233–2253, 2015.
Duvernoy H. The Human Hippocampus: Functional anatomy, vascularization and serial
sections with MRI. Springer, 2005.
Ekstrom A. D., Bazih A. J., Suthana N. A., Al-Hakim R., Ogura K., Zeineh M., Burggren

176

A. C., and Bookheimer S. Y. Advances in high-resolution imaging and computational
unfolding of the human hippocampus. Neuroimage, 47(1):42–49, 2009.
Eldridge L. L. A dissociation of encoding and retrieval processes in the human hippocampus.
J Neurosci, 25(13):3280–3286, 2005.
Fanselow M. S. and Dong H.-W. Are the dorsal and ventral hippocampus functionally
distinct structures? Neuron, 65(1):7–19, 2010.
Fatterpekar G. M., Naidich T. P., Delman B. N., Aguinaldo J. G., Gultekin S. H., Sherwood
C. C., Hof P. R., Drayer B. P., and Fayad Z. A. Cytoarchitecture of the human cerebral
cortex: MR microscopy of excised specimens at 9.4 Tesla. Am J Neuroradiol, 23(8):
1313–1321, 2002.
Feuerstein M., Heibel H., Gardiazabal J., Navab N., and Groher M. Reconstruction of 3-D
histology images by simultaneous deformable registration. Med Image Comput Comput
Assist Interv, 14(2):582–589, 2011.
Fischl B. FreeSurfer. Neuroimage, 62(2):774–781, 2012.
Fischl B., Sereno M. I., and Dale A. M. Cortical surface-based analysis. II: Inflation,
flattening, and a surface-based coordinate system. NeuroImage, 9(2):195–207, 1999.
Fischl B., Rajendran N., Busa E., Augustinack J., Hinds O., Yeo B. T., Mohlberg H.,
Amunts K., and Zilles K. Cortical folding patterns and predicting cytoarchitecture.
Cerebral Cortex, 18(8):1973–1980, 2008.
Fischl B., Stevens A. A., Rajendran N., Yeo B. T., Greve D. N., Van Leemput K., Polimeni
J. R., Kakunoori S., Buckner R. L., Pacheco J., Salat D. H., Melcher J., Frosch M. P.,
Hyman B. T., Grant P. E., Rosen B. R., van der Kouwe A. J., Wiggins G. C., Wald
L. L., and Augustinack J. C. Predicting the location of entorhinal cortex from MRI.
Neuroimage, 47(1):8–17, 2009.
Frangi A., Niessen W., Vincken K., and Viergever M. Multiscale vessel enhancement filtering. In Medical Image Computing and Computer-Assisted Intervention - MICCAI, volume
1496 of Lecture Notes in Computer Science, pages 130–137. Springer Verlag, Berlin, 1998.
Frisoni G. B. and Jack C. R. Harmonization of magnetic resonance-based manual hippocampal segmentation: A mandatory step for wide clinical use. Alzheimers Dement, 7
(2):171–174, 2011.
Gefen S., Tretiak O., and Nissanov J. Elastic 3-D alignment of rat brain histological images.
IEEE T Med Imaging, 22(11):1480–1489, 2003.
Geuze E., Vermetten E., and Bremner J. D. MR-based in vivo hippocampal volumetrics:
2. findings in neuropsychiatric disorders. Mol Psychiatr, 10(2):160–184, 2004.

177
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